






	Computers, Materials & Continua
DOI:10.32604/cmc.2022.024309
	[image: images]



	Article
	




Machine Learning Based Analysis of Real-Time Geographical of RS Spatio-Temporal Data

Rami Sameer Ahmad Al Kloub*

Department of Disaster Management, Al-Balqa Applied University, Prince Al-Hussien Bin Abdullah II Academy for Civil Protection, Jordan

*Corresponding Author: Rami Sameer Ahmad Al Kloub. Email: rami.kloub@bau.edu.jo

Received: 13 October 2021; Accepted: 15 November 2021

Abstract: Flood disasters can be reliably monitored using remote sensing photos with great spatiotemporal resolution. However, satellite revisit periods and extreme weather limit the use of high spatial resolution images. As a result, this research provides a method for combining Landsat and MODIS pictures to produce high spatiotemporal imagery for flood disaster monitoring. Using the spatial and temporal adaptive reflectance fusion model (STARFM), the spatial and temporal reflectance unmixing model (STRUM), and three prominent algorithms of flexible spatiotemporal data fusion (FSDAF), Landsat fusion images are created by fusing MODIS and Landsat images. Then, to extract flood information, utilize a support vector machine (SVM) to classify the fusion images. Assess the accuracy of your work. Experimental results suggest that the three spatio-temporal fusion algorithms may be used to effectively monitor floods, with FSDAF's fusion results outperforming STARFM and STRUM in both study areas. The overall flood classification accuracy of the three STARFM, STRUM, and FSDAF algorithms in the Gwydir research region is 0.89, 0.90, and 0.91, respectively, with Kappa coefficients of 0.63, 0.64, and 0.67. The flood classification accuracy of the three fusion algorithms in the New Orleans research region is 0.90, 0.89, and 0.91, with Kappa values of 0.77, 0.76, and 0.81, respectively. The spatio-temporal fusion technique can be used to successfully monitor floods, according to this study.
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1  Introduction

Floods are one of the world's most common and devastating natural disasters. Due to its rapid, large-scale, and low-cost ground detection capabilities, remote sensing technology has played a significant role in flood monitoring during the last several decades [1]. In general, there are two types of remote sensing monitoring of flood disasters: active and passive [2]. The process of using radars (such as Sentinel-1 and GF-3) to actively produce electromagnetic waves and receive backscattered energy from ground objects is known as active mode. In flood monitoring, remote sensing is becoming increasingly crucial [3–5]. The passive technique (optical remote sensing) is, on the other hand, impacted by clouds and weather, and data collection is difficult when floods occur. Optical remote sensing data, on the other hand, has been widely employed in flood research because of its rich spectrum properties, data diversity, and simplicity of acquisition, processing, and analysis, among other things [6,7]. The use of optical remote sensing data for flood disaster monitoring is the subject of this article.

Currently, remote sensing pictures with limited spatial resolution, such as MODIS, are used to monitor large-scale floods. For example, reference [8] used MODIS pictures to track flood disasters in the Yangtze River's middle reaches over a lengthy period of time. The flood disaster at Dongting Lake was evaluated and studied using MODIS photos, and the loss caused by the flood disaster was assessed in reference [9]. Reference [10] combined the polar orbiting satellite data NPP-VIIRS and the geostationary satellite data GOES-16 ABI to monitor the Houston flood disaster. Although, low spatial resolution images play an important role in large-scale flood monitoring, their low spatial resolution and the existence of a large number of mixed pixels make flood extraction accuracy based on low spatial resolution image data difficult to meet the needs of small area scales. Especially, in the needs of urban flood monitoring. However, medium and high spatial resolution satellites (such as Landsat) are difficult to obtain data after floods due to their revisit cycles and the impact of weather, and their application in flood monitoring is limited [11]. Therefore, how to obtain high-time and high-spatial resolution remote sensing images at the same time is the key to solving this problem. In recent years, the rapid development of remote sensing data fusion technology with different temporal and spatial resolutions has provided a new way to obtain high temporal and spatial resolution images, and made it possible to monitor flood disasters [12].

In the past 10 years, domestic and foreign scholars have achieved a series of results in the field of remote sensing image spatio-temporal fusion [13,14]. The spatial and temporal adaptive reflectance fusion model (STARFM) proposed by [15] is the most widely used fusion algorithm, which weights the time difference, spectral difference and distance difference of MODIS and Landsat images calculation to generate reflectance fusion images. The authors in [16] proposed an enhanced spatial and temporal adaptive reflectance fusion model (ESTARFM) on the basis of STARFM, which effectively solved the problem of STARFM in heterogeneity. The problem that the region cannot be accurately predicted. The authors in [17] proposed a spatial and temporal reflectance unmixing model (STRUM) algorithm based on the decomposition of mixed pixels and applied it to the normalized difference vegetation index (NDVI) remote sensing image fusion, found that the fusion result of STRUM is better than STARFM. The authors in [18] proposed a spatial and temporal data fusion model (STDFA) based on the temporal change characteristics of pixel reflectivity and the texture characteristics of medium-resolution images method, and the spatial and temporal data fusion model (STDFA) is reconstructed on the NDVI data in Jiangning District, Nanjing. The above spatio-temporal fusion algorithm has been widely used in land surface temperature monitoring [19,20], vegetation change monitoring [21], crop growth monitoring [22,23], etc., but few people in China apply it to flood monitoring, and almost no scholar has explored the applicability of different types of spatiotemporal fusion algorithms in flood monitoring. One of the main reasons is that, most spatio-temporal fusion algorithms assume that the reference date and the forecast date have not changed, which cannot accurately monitor sudden changes (such as fires, floods, and landslides). The authors in [24] proposed a flexible spatiotemporal data fusion (FSDAF) for the shortcomings of existing fusion algorithms. The areas where the coverage type has abrupt changes have a more accurate prediction, which also provides a more accurate method for monitoring floods with high-temporal-spatial resolution remote sensing images.

This article aims to solve the problem of difficulty in obtaining high-temporal-resolution images after floods. Three popular and typical spatio-temporal fusion algorithms, STARFM, SRTUM and FSDAF, are selected to merge MODIS and Landsat images to generate high-temporal-resolution images that are missing after the flood. Using support vector machine (SVM) method to extract the flood range of the fusion results, and then analyze the accuracy and applicability of the three spatiotemporal fusion algorithms in flood monitoring.

2  Overview of Study Area and Data Sources

2.1 Overview of the Study Area

In order to evaluate the applicability of the spatiotemporal fusion algorithm in different flood scenarios, this paper selects Gwydir and New Orleans 2 as the study area (Fig. 1). Gwydir is a farm in New South Wales, Australia (E149.28°, S29.08°). The main features include farmland, houses, rivers, bare land and vegetation. A flood that occurred on December 12, 2004 inundated a large amount of farmland and caused huge losses to the locals; New Orleans is a coastal city in Louisiana, USA (W90.01°, N29.97°). The main features are Water bodies, vegetation, wetlands and construction land. Hurricane Katrina that occurred on August 30, 2005 flooded most of the city and became one of the deadliest flood events in the history of the United States.

[image: images]

Figure 1: Composite image of the proposed area (a) Gwydir (b) New Orleans

2.2 Data Source and Preprocessing

The research data in this article are MODIS and Landsat images. Among them, the Landsat images of the Gwydir research area were acquired on November 26 and December 12, 2004. December 12 was the flood monitoring day. The Landsat image data size was 800 × 800 pixels; the MODIS image was 500 m spatial resolution per day during the same period. Surface reflectance products (MOD09GA). The Landsat images of the New Orleans research area were acquired on September 7 and October 9, 2005. September 7 was the flood monitoring day. The Landsat image data size was 960 × 960 pixels. Due to the persistence of MODIS daily product data in New Orleans Because of the high cloud coverage, the surface reflectance product (MOD09A1) with a spatial resolution of 500 m over the same period was selected for 8 d.

In addition, the data in the Gwydir research area has been preprocessed [25]. The Landsat image in the New Orleans research area is a Level 1T product, which is a first-class product that has undergone system radiation correction and geometric correction, and only needs to be preprocessed for atmospheric correction. The MODIS 8 d composite product (MOD09GA) is a secondary product that has undergone atmospheric correction and geometric correction. First, you need to use the MRT tool to reproject the MODIS image and convert it to the same UTM projection as Landsat; secondly, resample the MODIS image to Landsat image spatial resolution (30 m); then MODIS and Landsat are geometrically fine-corrected, so that the two images are completely matched, and the error is controlled at 0.5 pixels; finally, the band is adjusted to ensure that the MODIS band and the Landsat band correspond to each other. Fig. 2 is an image of the study area, in which Figs. 2a–2d are Landsat B4 (R), B3 (G), B2 (B) composite images, and Figs. 2e–2h are MODIS B2 (R), B1(G), B4(B) composite image.
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Figure 2: Proposed illustrations of the geographical region (a) 26.11.2004 Gwydir Landsat (b) 12.12.2004 Gwydir Landsat (c) 07.09.2005 New Orleans Landsat (d) 09-10-2005 New Olreans Landsat (e) 26.11.2004 Gwydir MODIS (f) 12.12.2004 Gwydir MODIS (g) 07.09.2005 New Orleans MODIS (h) 09.10.2005 New Orleans MODIS

3  Methodology

Three spatio-temporal fusion algorithms, STARFM, STRUM and FSDAF, are used for spatiotemporal fusion of MODIS and Landsat images, and SVM is used to extract floods from the fusion images, and the accuracy of the fusion results and flood extraction results are evaluated. Specific technical processes as in Fig. 3. Among them, t1 and t2 are the Landsat date and the date of the fusion image input in the spatiotemporal fusion algorithm. L(t1) and L(t2) are the Landsat images of the date t1 and t2 respectively. C(t1) and C(t2) is the MODIS image at t1 and t2 respectively. FP(t2) is the fusion image at t2.
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Figure 3: Proposed algorithms flowchart

3.1 Space-Time Fusion Algorithm

3.1.1 STARFM Model

STARFM assumes that the Landsat image and MODIS image have consistent correlation on the surface reflectance of the same day, and uses the spectral information of Landsat image and MODIS image and its weighting function to predict the surface reflectance FP(t2). The main steps are: (1) MODIS image is sampled to Landsat image resolution; (2) Moving window ω is applied to Landsat image to identify similar pixels; (3) Each similar pixel is allocated according to image spectral difference, time difference, and distance difference weight Wijk; (4) Calculate the reflectivity of the center pixel of the moving window. The calculation formula is

L(x(ω/2),y(ω/2),t2)=∑i=1ω⁡∑j=1ω⁡∑k=1n⁡Wijk×[C(xi,yi,t2)+L(xi,yi,t1)−C(xi,yi,t1)](1)

where i and j are the index positions of Landsat pixels in the moving window; n is the number of similar pixels determined in the moving window; L(x(ω/2),y(ω/2),t2) is FP(t2) center pixel value of the moving window; Wijk is the weight of similar pixels; C(xi,yi,t2), L(xi,yi,t1) and C(xi,yi,t1) are the MODIS pixel values of the period t2, Landsat and the pixel values of the period t1.

3.1.2 STRUM Model

STRUM predicts the surface reflectance of the image based on the idea of mixed pixel decomposition, and uses Bayes’ theorem to constrain the inaccurate endmember spectrum that may appear in the spectral decomposition process in the process of mixed pixel decomposition. The main steps are:

1)   Perform K-means unsupervised classification on L(t1).

2)   Apply the moving window ω to step 1 to identify the number and abundance of endmembers in the window. The endmembers with abundance less than 0.1 are merged into spectrally similar categories.

3)   Calculate the reflectance change value ΔC of C(t1) and C(t2) in the moving window, and apply Bayesian theory to decompose the mixed pixels to minimize the uncertain spectrum during spectral unmixing. The residual ε caused by the end member.

4)   Calculate the change value ΔFk of each end element from t1 to t2 and integrate it into L(t1) to predict FP(t2). The main calculation formula is:

ΔC=Ak×ΔFk+ε(2)

FP(t2)=L(t1)+ΔFk(3)

Wherein Ak is the first k-th element of the abundances end.

3.1.3 FSDAF Model

FSDAF combines the method of mixed pixel decomposition and weighting function, and its main steps are:

1)   Perform ISODATA unsupervised classification on L(t1) and calculate various abundance values Ak.

2)   Estimate the time change ΔFk of the corresponding feature type from t1 to t2 by using the reflectance change of MODIS images.

3)   Use the category time change obtained in the previous step to calculate the high-resolution image at the t2 period Ft2TP and the residual R, i.e.,

ΔC(xi,yi)=∑k=1l⁡Ak(xi,yi)×ΔFk(4)

Ft2TP(xij,yij)=Ft1(xij,yij)+ΔFk(5)

R(xi,yi)=ΔC(xi,yi)1m[∑j=1m⁡Ft2TP(xij,yij)−∑j=1m⁡Ft1(xij,yij)](6)

where (xi,yi) are the coordinates of the i- th MODIS pixel; xij,yij are the coordinates of the j-th Landsat pixel in the i-th MODIS pixel; m is the number of Landsat pixels in a MODIS pixel; ΔC(xi,yi) is the change value of the i-th MODIS pixel from t1 to t2;Ft1(xij,yij) is the Landsat pixel value at period t1; R(xi,yi) is the residual of the true value and the predicted value.

4)   Use the thin plate spline function to downscale C(t2) to obtain the high spatial resolution image at time t2, which is

Ft2SP(xi,yi)=a0+a1xij+a2yij+12∑i=1N⁡biri2log⁡(ri2)(7)

where ∑i=1N⁡bi=∑i=1N⁡bixi=∑i=1N⁡biyi=0,ri2=(x−xi)2+(y−yi)2, when ∑i=1N⁡|Ct2(xi,yi)−Ft2SP(xij,yij)2| is the minimum value, determine its optimal parameter; N is the number of pixels of MODIS; a0, a1, a2, and bi are the final optimal parameters respectively; x and y is the index position of the interpolation result of Landsat image respectively.

5)   According to Ft2TP and Ft2SP value is calculated for residual distribution, i.e.,

CW(xij,yij)=(Ft2SP(xij,yij)−Ft2SP(xij,yij))HI(xij,yij)+R(xij,yij)[1−HI](xij,yij)(8)

r(xij,yij)=m×R(xij,yij)×W(xij,yij)(9)

where, HI(xij,yij) is the homogeneity coefficient; CW(xij,yij) is the weight coefficient; W(xij,yij) is the normalized weight coefficient and r(xij,yij) is the weighted residual value.

6)   Use neighboring similar pixels to predict the final result FP(t2), that is

FP(t2)=Ft1(xij,yij)+∑c=1n⁡Wc×(r(xij,yij)+ΔFk)(10)

where Wc is the weight of similar pixels; c is the number of similar pixels.

3.2 Flood Extraction

SVM classification method is used for flood extraction. SVM is a non-parametric machine learning method based on statistical theory and the principle of structural risk minimization. It has been widely used in remote sensing image classification. In this paper, L(t2) is used as the benchmark image, combined with Google Earth image, visual interpretation to identify water and non-water pixels, and use it as a training sample for SVM supervised classification to extract floods from the fusion results of the three algorithms.

3.3 Accuracy Evaluation

3.3.1 Accuracy Evaluation of Spatiotemporal Fusion Algorithm

In this paper, L(t2) is used as the verification image, and four commonly used evaluation indicators are selected to evaluate the accuracy of the fusion image, which are absolute deviation (AD), root mean square error (RMSE), and correlation coefficient (CC) and structural similarity (SSIM). Among them, AD is used to measure the deviation, the closer the AD is to 0, the smaller the deviation between the predicted value and the standard value; the RMSE is a measure of the total uncertainty between the predicted value and the standard value, and the closer the RMSE is to 0, the better is the result. CC is used to measure the correlation between the predicted and the standard value. The ideal value of CC is 1, and the closer to 1, the better the correlation. The SSIM is used to evaluate the structural similarity between the predicted and the true value, the closer to 1, the better the prediction result.

3.3.2 Accuracy Assessment of Flood Extraction

The accuracy of flood extraction of three spatiotemporal fusion algorithms is evaluated from two aspects, qualitative and quantitative, using visual discrimination and error matrix. Visual discrimination is to visually compare the flood classification map generated by the fusion of three spatiotemporal fusion algorithms with the standard flood classification map, and intuitively judge the correctness of the water body classification; the error matrix is used to quantitatively evaluate the classification accuracy, and general indicators such as user accuracy and mapping are used. Accuracy, overall accuracy and Kappa coefficient evaluate the accuracy of flood classification. This study is based on the standard flood classification map, which quantitatively evaluates the flood classification map generated by the fusion pixel by pixel, which is closer to the actual situation than the verification method of random placement.

4  Fusion Results and Flood Extraction

4.1 MODIS and Landsat Image Fusion

4.1.1 Results of MODIS and Landsat Image Fusion

Figs. 4 and 5 are the fusion images and verification images of the three spatiotemporal fusion algorithms in the Gwydir and New Orleans study areas, respectively. In order to clearly observe the spatial details of the flooded area, the images of the flooded area in the black box in Figs. 4 and 5 enlarged display.
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Figure 4: Algorithms comparison of the standard and prediction map of Gwydir (a) verify image (b) STARFM fusion image (c) STRUM fusion image (d) FSDAF fusion image
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Figure 5: Algorithms comparison of the standard and prediction map of New Orleans (a) verify image (b) STARFM fusion image (c) STRUM fusion image (d) FSDAF fusion image

As in Fig. 4, the comparison of the three algorithms fusion Landsat image and the real image found, and STRUM STARFM algorithm cannot accurately restore the feature information, FSDAF fusion algorithm and compared STARFM STRUM prediction algorithm richer feature information, and differently The boundary of the object type is clearly distinguished; for the flooded area, the STARFM and STRUM algorithms underestimate the area of the water, and the FSDAF algorithm fusion result is closest to the real Landsat image. For the flood edge position, the FSDAF algorithm shows a lower reflectance value than the real Landsat image. In Fig. 5, the fusion results of the three algorithms are relatively close to the true value, but the STARFM algorithm blurs the boundaries of different features, and the STRUM and FSDAF algorithms can restore the feature information more completely. Zooming in on the image of the city center, the STARFM fusion result is worst, as it is impossible to distinguish the boundary between urban buildings and floods. Whereas STRUM is close to the real result, but overestimates the reflectivity value of the flood area. FSDAF has the best prediction effect, which is intuitively the closest to the real image.

4.1.2 Accuracy Evaluation of Spatio-Temporal Fusion Results

Tabs. 1 and 2 are the accuracy evaluation values of the fusion results of the three spatiotemporal fusion algorithms in the Gwydir and New Orleans study areas, respectively. It can be seen from Tab. 1 that the four index values of the STARFM and STRUM algorithms are similar, the fusion accuracy of the two algorithms is similar, and the accuracy of the FSDAF algorithm is higher than that of the STARFM and STRUM algorithms as a whole. The average CC values of the three algorithms of STARFM, STRUM and FSDAF are 0.690, 0.684, 0.729, and the average values of SSIM are 0.652, 0.667, 0.710, respectively. This shows that the fusion result of the FSDAF algorithm is closer to the real image than the STARFM and STRUM algorithms. In Tab. 2, analyzing the 4 indicators of the 3 algorithms, it can be seen that the STARFM algorithm has the worst accuracy, the STRUM algorithm is better than STARFM, and the FSDAF algorithm is better than STRUM. The average values of RMSE of the three algorithms are 0.032, 0.030 and 0.028, and the average values of CC are 0.731, 0.819 and 0.839, respectively. In addition, the flood has low reflectivity in the near-infrared. The evaluation index parameters of the near-infrared in Tabs. 1 and 2 (CC is 0.799, 0.789, 0.828 and CC is 0.862, 0.903, 0.912) also show that the overall accuracy of the three algorithms is FSDAF algorithm Optimal, STARFM and STRUM algorithms are similar.
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4.2 Flood Information Extraction Based on MODIS and Landsat Fusion Images

4.2.1 Extraction of Flood Information from Images Fused

Figs. 6 and 7 are respectively the three spatiotemporal fusion algorithms fused image flood classification map in the Gwydir and New Orleans study areas. In general, the results of (b)-(d) in Fig. 6 are relatively close to (a), but the local differences are more obvious. As Fig. 6 red oval frames illustrated, STARFM algorithm cannot accurately distinguish between water and non-water body, and to overestimate range of the water body, Strum and FSDAF algorithm more accurately capture the boundaries of water bodies. As can be seen in the black block, the three algorithms cannot accurately restore the boundaries of features and underestimate the boundaries of water bodies. In Fig. 7, the three algorithm flood classification maps are relatively close to the real value, and the local differences are small. Intuitively, the extraction results of the three algorithms overestimate the scope of the water body. The red elliptical box in Fig. 7 shows that the STARFM algorithm underestimates the range of the water body, and the extraction results of the STRUM and FSDAF algorithms are consistent with the real image; the black box shows the range of the water overestimated by the STRUM and FSDAF algorithms, and the STARFM algorithm is close to the real image. In general, the FSDAF algorithm has the highest flood classification accuracy in the two study areas, and the STARFM and STRUM algorithms have similar flood classification accuracy.
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Figure 6: Comparison of the standard and proposed algorithms classification for Gwydire region (a) standard classification (b) STARFM classification (c) STRUM classification (d) FSDAF classification
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Figure 7: Comparison of the standard and proposed algorithms classification for New Orleans region (a) Standard classification (b) STARFM classification (c) STRUM classification (d) FSDAF classification

4.2.2 Extraction of Flood Extraction Accuracy

Tab. 3 shows the results of flood classification accuracy assessment. It can be seen that the overall accuracy of the three fusion algorithms in the Gwydir and New Orleans research areas is about 0.9, and the range of the water body is more accurately extracted on the whole. But there are inconsistent omissions and misclassifications and errors of the three algorithms. The score rate and the missed score rate in the Gwydir sample area are higher than the New Orleans study area, and the missed score rate and wrong score rate of the FSDAF algorithm are the lowest, and the flood range extraction is closest to the real classification map. In addition, the Kappa coefficients of the three algorithms in the table also show that the FSDAF algorithm is better than the STARFM and STRUM algorithms in flood monitoring [26].
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5  Analysis and Discussion

At present, remote sensing spatio-temporal fusion algorithms are generally divided into four categories [27], which are fusion algorithms based on weight function, based on mixed pixel decomposition, based on machine learning, and a mixture of multiple methods. The reasons for choosing the STARFM, STRUM and FSDAF algorithms in this paper are: 1) The three fusion algorithms STARFM, STRUM, and FSDAF are typical algorithms based on weight function, mixed pixel decomposition and hybrid methods, respectively; 2) All three fusion algorithms only need one set of MODIS with Landsat images, the data is easy to obtain and easy to compare and analyze. In addition, two different types of flood events are selected for the purpose of exploring the monitoring capabilities of the spatiotemporal fusion algorithm in different flood scenarios.

The flood prediction results of the three algorithms are compared and analyzed. The overall accuracy of the STARFM, STRUM and FSDAF algorithms in the two sample areas is about 90%, and they can monitor floods well, but the three algorithms have inconsistent omissions and errors. It is divided, and showed the same law in the two study areas. Specifically: FSDAF algorithm has lower error and missing points than STARFM and STRUM algorithms, and the error and missing points of STARFM and STRUM algorithms are similar. Based on the above results and the principle of the algorithm for analysis: 1) The STARFM algorithm assumes that the input image date and prediction date have not changed and the land type has not changed and the MODIS pixels are pure pixels. Its prediction in heterogeneous regions and mutation regions is inaccurate, that is to say, for different features The boundary and the area where the feature type changes cannot be accurately predicted; 2) The STRUM algorithm assumes that the land type has not changed and the mixed pixel decomposition does not consider the variability within the same feature category, and its prediction accuracy is close to that of the STARFM algorithm; 3) The FSDAF algorithm combines STARFM and STARFM. The advantage of the STRUM algorithm, and the introduction of thin-form strip function interpolation for residual distribution. The prediction accuracy of the changed area is higher. The FSDAF algorithm is more suitable for flood monitoring than the STARFM and STRUM algorithms. However, none of the three algorithms can accurately predict small changes in land cover types, especially in areas of heterogeneity.

In addition, the input data of the spatio-temporal fusion algorithm and the flood extraction method affect the final prediction result. First of all, the types of features in the input data have a greater impact on the final results. Specifically, the more types of features in the input data, the small changes in the boundaries of different features cannot be accurately predicted. This is also the fusion accuracy of the three algorithms in Gwydir overall. An important reason for the upper lower than New Orleans. Secondly, the shorter the interval between the input data date and the forecast date, the smaller the change of the features, and the higher the final forecast accuracy. In addition, because the training samples of SVM classification are affected by human subjective factors, the final flood extraction results will have a certain deviation from the actual situation. Other methods such as improved normalized water index can replace SVM for flood range extraction.

6  Conclusion

In view of the difficulty in obtaining remote sensing images with high temporal and spatial resolution after the flood, it is proposed to fuse MODIS and Landsat images to generate high temporal and spatial resolution images. Taking the Gwydir and New Orleans two areas as the study area, using STARFM, STRUM and FSDAF three spatiotemporal fusion algorithms to fuse MODIS and Landsat images to generate high spatiotemporal resolution images, using SVM to extract the flood range, and combining real Landsat images in the same period for accuracy evaluation. Concluded as follow:

1)   The fusion results of the three algorithms are close to the actual images, but the STARFM and STRUM algorithms have poor prediction results in heterogeneous regions. Compared with the STARFM and STRUM algorithms, the FSDAF algorithm is more accurate in restoring the details of the ground features.

2)   The overall accuracy of flood extraction of the three algorithms is about 0.9. Compared with the actual Landsat image, it is found that the FSDAF algorithm has lower error and missing points than the STARFM and STRUM algorithms.

3)   The three spatio-temporal fusion algorithms can be applied to different flood scenarios and have strong robustness. The FSDAF algorithm can replace the STARFM and STRUM algorithms for accurate flood monitoring with high temporal and spatial resolution.

4)   This study applies three spatio-temporal fusion algorithms to flood monitoring, and the FSDAF algorithm has a higher fusion accuracy than STARFM and STRUM algorithms. However, none of the three fusion algorithms can accurately predict small changes in land cover types. The next step is to combine fusion algorithms based on machine learning to improve the prediction accuracy of areas where land types have changed.
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Table 1: Comparison of the accuracy of the schemes in Gwydir region

Band FSDAF STARFM STRUM
RMSE SSIM CC AD RMSE SSIM CC AD RMSE SSIM CC AD

Green 0.019 0.661 0.689 0.013 0.022 0.565 0.622 0.014 0.022 0.618 0.628 0.015
Blue 0.014 0.653 0.667 0.010 0.016 0.566 0.597 0.011 0.015 0.611 0.615 0.011
Red 0.023 0.653 0.681 0.016 0.026 0.546 0.606 0.017 0.026 0.611 0.619 0.017
Near IR 0.033 0.814 0.828 0.024 0.035 0.777 0.799 0.025 0.036 0.782 0.789 0.026
Shortwave IR 1 0.058 0.754 0.766 0.045 0.062 0.754 0.766 0.047 0.069 0.720 0.736 0.053
Shortwave IR 2 0.053 0.723 0.744 0.042 0.054 0.708 0.751 0.053 0.061 0.662 0.718 0.049
Average value  0.033  0.710 0.729 0.025 0.036 0.652 0.690 0.028 0.038 0.667 0.684 0.029
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Table 3: Comparison of the accuracy of the algorithms for both regions

Parameter Gwydir New Orleans

STRUM FSDAF STARFM  STRUM FSDAF STARFM

Kappa 0.64 0.67 0.63 0.76 0.81 0.77
coefficient

Drawing 0.68 0.74 0.73 0.78 0.83 0.81
accuracy

User 0.72 0.73 0.67 0.92 0.93 0.91
accuracy

Overall 0.90 0.91 0.89 0.89 0.91 0.90

accuracy
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Table 2: Comparison of the accuracy of the schemes in New Orleans region

Band FSDAF STARFM STRUM
RMSE SSIM CC AD RMSE SSIM CC AD RMSE SSIM CC AD

Green 0.030 0.795 0.818 0.021 0.040 0.641 0.659 0.024 0.031 0.793 0.805 0.022
Blue 0.026 0.798 0.820 0.017 0.037 0.601 0.611 0.021 0.027 0.800 0.813 0.018
Red 0.032 0.786 0.805 0.022 0.042 0.635 0.655 0.026 0.034 0.777 0.784 0.024
Near IR 0.046 0912 0.912 0.032 0.056 0.848 0.862 0.038 0.049 0.903 0.903 0.033
Shortwave IR 1 0.046 0.879 0.878 0.031 0.050 0.844 0.848 0.034 0.054 0.843 0.844 0.035
Shortwave IR 2 0.085 0.812 0.800 0.048 0.057 0.765 0.754 0.047 0.087 0.781 0.770 0.049
Average value  0.044 0.830 0.839 0.028 0.047 0.722 0.731 0.032 0.047 0.816 0.819 0.030






OEBPS/Images/copy.png





OEBPS/Images/CMC_24309-fig-2b.png





OEBPS/Images/CMC_24309-fig-4.png





