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Abstract:

 Daily, or more frequent, maps of surface water have important applications in environmental and water resource management. In particular, surface water maps derived from remote sensing imagery play a useful role in the derivation of spatial inundation patterns over time. MODIS data provide the most realistic means to achieve this since they are daily, although they are often limited by cloud cover during flooding events, and their spatial resolutions (250–1000 m pixel) are not always suited to small river catchments. This paper tests the suitability of the MODIS sensor for identifying flood events through comparison with streamflow and rainfall measurements at a number of sites during the wet season in Northern Australia. This is done using the MODIS Open Water Likelihood (OWL) algorithm which estimates the water fraction within a pixel. On a temporal scale, cloud cover often inhibits the use of MODIS imagery at the start and lead-up to the peak of a flood event, but there are usually more cloud-free data to monitor the flood’s recession. Particularly for smaller flood events, the MODIS view angle, especially when the view angle is towards the sun, has a strong influence on total estimated flood extent. Our results showed that removing pixels containing less than 6% water can eliminate most commission errors when mapping surface water. The exception to this rule was for some spectrally dark pixels occurring along the edge of the MODIS swath where the relative azimuth angle (i.e., angle between the MODIS’ and sun’s azimuth angle) was low. Using only MODIS OWL pixels with a low view angle, or a range distance of less than 1000 km, also improves the results and minimizes multi-temporal errors in flood identification and extent. Given these limitations, MODIS OWL surface water maps are sensitive to the dynamics of water movement when compared to streamflow data and does appear to be a suitable product for the identification and mapping of inundation extent at large regional/basin scales.
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1. Introduction

Regular mapping of surface water location and extent, often at a daily or more frequent temporal scale, has important applications in environmental monitoring, water resource management, and flood emergency response. Contemporary remote sensing technologies provide an affordable means of capturing flood extent at points in time with reasonable spatial and temporal coverage. For flood monitoring there is a need for routinely acquiring remote sensing data which have regional coverage at an acceptable spatial resolution. Landsat imagery can provide the appropriate spatial detail for many water mapping applications ([1,2]), but its temporal frequency of 16 days is not suited to capturing the spatial dynamics of many flood events. Optical systems such as NASA’s MODIS sensor have been used for mapping surface water at a medium spatial resolution. While the resolution of the MODIS sensor may not be ideal for mapping small water features such as narrow river channels, the spatial and temporal consistency can still be of great value in detecting general changes in water movement.

The MODIS sensors (TERRA and AQUA) can be used for mapping flood events due to their near-global spatial (250–1000 m) and temporal characteristics (1–2 times/day). Furthermore, all historical data from 2000 to present are readily available. MODIS bands 1 (Red) and 2 (NIR) are at 250 m pixel size which can be used to map flooding [3]. However, given that there is a strong sensitivity of the SWIR (Short Wave InfraRed) wavelength to water [4,5], the MODIS SWIR bands (500 m pixel size) have been utilized for inundation mapping particularly through the use of indices such as the Normalized Difference Water Index (NDWI) [6] and the modified Normalized Difference Water Index (mNDWI) [5]. The Dartmouth Flood Observatory (DFO) has developed a process to capture large global flood events [7,8], which has been further enhanced through the NASA Near Real Time (NRT) MODIS Global Flood Map [9], where daily MODIS flood maps are produced at a global scale at 250 m pixel size. The NASA/DFO algorithm uses a threshold of the SWIR band (Band 7) to help identify water pixels, as well as a ratio of the Red and NIR bands. To help reduce the effects of cloud cover, the images are composited over 2, 3 and 14-day periods [10], providing daily products of each. The 14-day NRT MODIS Global Flood Map also provides the percentage of time that a pixel is wet over this period. Water fraction mapping of MODIS pixels has also been applied at the larger pixel size. Weiss and Crabtree [11] used the Normalized Difference Vegetation Index (NDVI), NDWI and tasseled cap to derive water fraction at a 1 km pixel with reasonable accuracy but it was computationally intensive. Guerschman et al. [12] used a detailed empirical approach with the MODIS bands, utilizing the strong relationship between NDVI, NDWI, the SWIR bands and surface water, producing fractional water coverage at 500 m pixel size—also referred to as the Open Water Likelihood index (OWL). One of the advantages of the OWL algorithm is that it is fast and easy to apply on multi-temporal datasets, compared to more complex un-mixing algorithms.

Cloud cover is always an issue when trying to map flood events using optical remote sensing data, especially during the rising stage of a flood event. To help reduce the effects of cloud interference, the use of 8-day (MOD09A1) or 16-day (MCD43A4) MODIS composites (provided by NASA) has proven useful in mapping the temporal dynamics of water [11,13,14,15,16,17,18]. However some of the temporal detail may be lost through the compositing process [12], which makes MODIS composites inadequate for fast moving floods.

Daily MODIS OWL water maps have already been used for wetland inundation mapping [19], estimating overbank flood recharge [20], as well as assisting in the calibration of hydrodynamic models at different stages of a flood event [21], all with varying degrees of success. When compared to upstream and downstream flow measurements for the Fitzroy River and Macquarie Marshes (both in Australia) during a large flood event, the daily MODIS OWL water extent shows temporal changes as expected [22]. Ticehurst et al. [22] and Chen et al. [19] have shown that the MODIS OWL can effectively map medium to large water features when compared to an equivalent Landsat water map, but lacks the detail around the edge of a flood or along narrow water features where it tends to underestimate water extent. Even so, our experience has found the MODIS OWL to be better at identifying fine water features and open water bodies with MODIS data than the commonly used modified NDWI.

While the MODIS OWL water extent shows good correspondence to streamflow measurements for the duration and peak of medium to large floods, multi-temporal inconsistencies have been found in MODIS OWL flood extents (e.g., [20]), which are exaggerated for low streamflows. Based on this observation, this paper investigates the temporal reliability of daily MODIS OWL water maps for detecting flood events, using case studies from areas which are expected to flood and areas which are not, as well as a permanent water body. The influence of sensor view angle (including the influence of sun position) on flood extent is also examined, as well as comparisons of the MODIS OWL with other MODIS flood maps. The abilities and challenges of using the MODIS OWL to map flood extent are discussed. The paper concludes with a list of recommendations on the use of the daily MODIS OWL for mapping flood events.



2. Study Sites

Lake Victoria is a permanent water body and of regular shape, hence it was selected for studying the stability of the MODIS OWL water extent through time (Figure 1). Lake Victoria is part of the Chowilla Riverland Floodplain straddling the South Australia (SA)—New South Wales (NSW) border. The floodplain covers a total area of 177.8 km2, 74% of which lies in SA, with the remaining 26% in NSW [23]. It consists of a series of anabranch creeks, wetlands, lakes and floodplains, as well as the main Murray River channel.

Figure 1. Locality map of the two dry (D1 and D2) and two wet (W1 and W2) sites, as well as Lake Victoria, Australia.
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Four test sites were selected to test the ability of the MODIS OWL in identifying flood events (Figure 1). These sites are located in the Gulf region of northeast Queensland in Australia. This area has a semi-arid tropical climate with 80% of its annual rainfall occurring during the wet season (November to April inclusive) [24]. Two of these sites were on a river near a streamflow gauge (sites W1 and W2), and two were in areas that are never expected to flood (sites D1 and D2)—to test for commission errors. Site D2 is located in the Gilbert catchment, while the remaining sites are in or adjacent to the Flinders catchment, which have an average annual rainfall of 775 and 492 mm respectively [24]. Nearby rainfall data were collected for each of these sites to investigate the relationship between flood extent, streamflow (for the two sites on a river) and rainfall. For each test site, a region of interest (ROI) was selected for collecting MODIS OWL statistical data.



Site D1 is situated on the edge of the Gregory Ranges (Queensland, Australia) with the Gilbert River to the east, and the Yappar River to the southwest. The ROI is centered at 18.76° south, 142.75° east, covering an area of approximately 178 km2 at an average height of 270 m Australian Height Datum (AHD) ± 20 m. Southwest of the site the Yappar River valley drops to heights of less than 200 m AHD. Vegetation in this area consists of mid-height open forest [25], and the soil type consists of shallow sandy/stony soils [26]. Given its location, this site is never expected to flood.

Site D2 is situated on the plateau to the north of the locality of Hughenden (Queensland, Australia). The region of interest is located on a plateau with an average height of 400 m AHD ± 10 m. There is a relatively steep drop in height of over 100 m from the plateau to the valley containing Canterbury Creek near Hughenden, which is part of the upper reaches of the Flinders River. The ROI is centered at 20.65° south, 144.12° east, with an area of 15 km2. The vegetation in this area is mostly grassland [25] on cracking clay soils in a basalt landscape [26]. Given its location, this site is never expected to flood.

Site W1 is located at Walkers Bend on the Flinders River (Queensland, Australia) at flow gauge station 9150003A. This lowland site is on the floodplains of the Flinders River with an average height of 13 m AHD ± 2 m. The ROI is centered at 18.16° south, 140.85° east with an area of 76 km2. The river is flanked by riparian vegetation. The river width around this site can extend to over 100 m during the wet season, however during large floods overbank flow occurs. Daily flows of greater than 500,000 mL in volume have been recorded. Over the past 10 years, peak flow has ranged from 24,000 mL during the 2006–2007 wet season, up to 506,000 mL during the 2008–2009 wet season, with an average peak flow of 209,000 mL.

Site W2 is located at Glenmore Weir on the Norman River (Queensland, Australia) at flow gauge station 916001B. This site has an average height of 9 m AHD ± 5 m and the ROI is centered at 17.86° south, 141.13° east covering an area of 78 km2. The river is flanked by riparian vegetation. The river width can extend to around 50 m during the wet season, and overbank flow can occur for the larger floods. Streamflow records (916001B) at this site show daily streamflows of greater than 250,000 mL volume has been recorded. Over the past 10 years, peak flow has ranged from 4982 mL during the 2004–2005 wet season, up to 275,000 mL during the 2008–2009 wet season, with an average peak flow of 83,000 mL.



3. Data

TERRA and AQUA MODIS daily surface reflectance data (named MOD09GA and MYD09GA, respectively) were available from the NASA LP DAAC (Land Processes Distributed Active Archive Center) website [27]. These data are acquired daily, MOD09GA in the morning (~10:30 am local time) and MYD09GA in the afternoon (~2 pm local time), and have been atmospherically corrected [28]. For this study TERRA (MOD) and AQUA (MYD) data were downloaded from 1st November until 15th December 2002 for MODIS tile H29V12 to cover Lake Victoria at a time of year that is relatively cloud free. All data for the 2003, 2004, 2009 and 2010 wet seasons (January to April, November to December) were downloaded for MODIS tiles H31V10 and H31V11 to cover sites D1, D2, W1 and W2. These years were chosen such that it included the early and later years of the historical MODIS data, and included small and large flood events. Both 2009 and 2010 were particularly wet years in northern Australia. Only data from the wet season was analyzed because during the dry period the rivers tend to dry up completely and there is generally no recorded streamflow during the dry season. Additionally, MODIS data for tile H31V10, and the MSW (MODIS Surface Water) 2-day composite NRT shape files [10], were downloaded for January to March in 2012 to coincide with a relatively large flood event since the daily NRT Global Flood Mapping products began. This enabled a direct comparison of the two independent MODIS flood mapping methods.

Streamflow data for Walkers Bend (9150003A), and Glenmore Weir (916001B), along with rainfall data from the Australian Bureau of Meteorology for Walkers Bend and Glenmore Weir (Esmeralda Station, No. 29016), Gregory Range (Yaramulla Station, No. 30154) and Hughenden (Hughenden Station, No. 30025) were downloaded for the 2003, 2004, 2009 and 2010 wet seasons to coincide with the MODIS data for sites D1, D2, W1 and W2. Streamflow data was also acquired for January to March in 2012 to coincide with the downloaded NRT MSW product.



4. Method


MODIS OWL Water Maps

The method used for mapping open surface water was developed by Guerschmann et al. [12] using empirical statistical modeling and is summarized here. It calculates the fraction of water within a MODIS pixel by:
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(1)




where, z is defined as:
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(2)




In Equations (1) and (2), fw is the estimated fraction of standing water, xi are independent variables, and βi are parameters fitted empirically. The values of β for different i are defined as follows:








	β0 = −3.41375620
	



	β1 = −0.000959735270
	x1 = SWIR band 6 (reflectance*1000)



	β2 = 0.00417955330
	x2 = SWIR band 7 (reflectance*1000)



	β3 = 14.1927990
	x3 = NDVI



	β4 = −0.430407140
	x4 = NDWI (Gao, 1996)



	β5 = −0.0961932990
	x5 = MrVBFI (Gallant and Dowling, 2003)





MrVBF is the Multi-resolution Valley Bottom Flatness index. A threshold is applied using the modified NDWI [5] where fw = 1 for all mNDWI > 0.8. A cloud mask is also applied using the accompanying MODIS state band which contains information on cloud and cloud-shadow location.

For the Lake Victoria site, the TERRA (MOD) and AQUA (MYD) data were used to produce MODIS OWL water maps to allow for the effects of view angle on the MODIS OWL of a permanent water body to be examined. The number of fully inundated MODIS OWL pixels (i.e., those containing 100% water in them) were counted and compared to the view angle (or range distance, i.e., the distance from the sensor to the pixel) to illustrate its influence. The commonly used mNDWI [12] was also produced from the same MODIS data in order to compare MODIS OWL and mNDWI water extents for this permanent water body. The mNDWI was threshold at zero, such that pixels of zero or greater value were masked as water.

For the remaining sites (D1, D2, W1 and W2), MODIS OWL water maps from both MOD and MYD were analyzed. For each ROI, the MODIS OWL histogram containing % water values, as well as MODIS range distance (or view angle), were recorded for each daily MOD and MYD image. All ROIs containing more than 1% cloud cover were not used to ensure good data quality. A total of 206 MOD and 66 MYD scenes were used for Walkers Bend (W1), 205 MOD and 100 MYD scenes for Glenmore Weir (W2), 240 MOD and 86 MYD for Gregory Ranges (D1), and 285 MOD and 162 MYD scenes for Hughenden (D2). Daily total flood extent was recorded along with streamflow and rainfall for the same time period, to assess how well the MODIS OWL was able to detect water, and identify omission and commission errors. The reason for using coincident streamflow data was to identify the start, magnitude, duration and completion of a flood event for comparison with the daily MODIS flood extents. Rainfall data were used to assist in interpreting environmental factors that may affect the MODIS OWL pixels, such as when there might be standing water due to large rainfall events, or when the soil might be dry due to the extended absence of rainfall. As an additional test on how well the MODIS OWL compares to other independent MODIS flood products, the MODIS OWL was compared to the NASA/DFO NRT MSW flood maps for a relatively large flood event that occurred in February 2012 at Site W1. The 2-day composite product was used to allow for a better comparison with the daily MODIS OWL data.

It must be emphasized that the goal of this paper is not about assessing the spatial accuracy in the distribution of flood extent. This has already been examined in [12,22,24]. The goal of this investigation is to assess the MODIS OWL’s ability to detect the presence or absence of water.




5. Results


5.1. Relationship between MODIS OWL and View Angle of a Permanent Water Body

Only cloud-free MODIS scenes were used for Lake Victoria, resulting in 13 MOD scenes and 13 MYD scenes available from the start of November until mid-December 2002. When the number of inundated pixels (containing 100% water) in the MODIS OWL was regressed against sensor view angle there is an obvious linear relationship for both the MOD and MYD data (Figure 2). This relationship is also seen in the MODIS mNDWI estimate of lake extent. Lake Victoria contains around 440 wet pixels (or 110 km2) when the MODIS view angle was low (and range distance was small), which reduced to 350 wet pixels (88 km2) when the view angle was poor (and range distance was large). The influence of view angle on the number of OWL mapped inundated pixels appears to be linear with an R2 of 0.77 (MOD) and 0.94 (MYD). The linear relationship is not as strong for the mNDWI mapped inundated pixels with an R2 of 0.68 (MOD) and 0.47 (MYD). However the scatter is greater in the mNDWI data, particularly when only the MODIS scenes of low view angle (or range distance less than 1000 km) are used. This apparent scatter is unrelated to physical changes in water area within the lake since the reduction in the number of wet pixels is not in consecutive order, and upstream flow records indicate that streamflow is relatively low during this period. Over a period of two days the maximum change in lake size is 13 km2 (or 12%) in the mNDWI data, and 7 km2 (6%) in the MODIS OWL data, indicating that the MODIS OWL surface water maps are less noisy than the mNDWI for low view angles. The change in clarity and shape of the lake with respect to range distance is also obvious (Figure 2). The overall influence of view angle on a water body as large as Lake Victoria may not be substantial, but it does highlight this effect, which would be more apparent on a smaller and more irregularly shaped water body.

Figure 2. Relationship between MODIS range distance and number of inundated MOD and MYD OWL and mNDWI pixels for Lake Victoria for cloud-free images from 1st November until mid-December 2002. Two MODIS OWL images are shown as insets on the graph to further illustrate the influence of range distance (bright blue = pixels with 100% water, dark blue = less than 100% water).
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5.2. Relationship between MODIS OWL, Streamflow and Rainfall Data


5.2.1. Sites not Expected to Flood (D1 and D2)

Sites D1 and D2 are areas never expected to flood, so there should be no water mapped in the MODIS OWL images. Total flood extent, as generated from the MODIS OWL, is plotted through time alongside rainfall for sites D1 (Figure 3) and D2 (Figure 4). What is most noticeable from both sites is that the MODIS OWL is mapping water during dry times, rather than wet periods (according to rainfall records). Inspection of the daily MODIS OWL histograms for Site D1 revealed most of these pixels have a % water value less than 6—that is to say there is very little water being mapped in those pixels. When all MODIS OWL pixels containing less than 6% water are removed, the total flood extent at this site is zero except for four dates (two MOD and two MYD images). The two MOD images had cloud shadow in the ROI. One of the MYD images had cloud shadow and one had a fire scar. Cloud shadow is automatically masked using the NASA generated cloud mask band, but sometimes cloud and cloud shadows are missed. Cloud shadow and fire scars appear as dark pixels which show similar spectral characteristics to water.

Figure 3. Total MODIS OWL flood extent for the MOD and MYD data for Site D1, for the 2003, 2004, 2009 and 2010 wet seasons. MODIS OWL flood extent using only those pixels mapping greater than 5% inundation is also shown, along with rainfall.
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Figure 4. Total MODIS OWL flood extent for the MOD and MYD data for Site D2, for the 2003, 2004, 2009 and 2010 wet seasons. MODIS OWL flood extent using only those pixels mapping greater than 5% inundation is also shown, along with rainfall. The NDVI is also shown.
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For Site D2, masking of pixels containing less than 6% water in the MODIS OWL data did not remove those erroneously identified as water pixels (Figure 4). Again this was occurring during dry periods. The NDVI (from the 8-day MOD13C1 product) is included in Figure 4 and it indicates that the greatest increases in MODIS OWL flood extent are occurring when the NDVI (i.e., vegetation greenness) is at its lowest, so more soil is exposed to the satellite.

Figure 5 shows the total MODIS OWL water extent for pixels containing at least 6% inundation during the dry period in 2003 (MYD) and 2004 (MOD), plotted against the range distance for Site D2. These extents have been separated into those parts of the image acquired when the MODIS sensor view angle is towards the sun (i.e., a small relative azimuth angle between the MODIS’ and sun’s azimuth angles), and away from the sun (large relative azimuth angle). The MODIS OWL values are highest for those pixels in the image where the relative azimuth angle is small, while the MODIS OWL extents are zero for those pixels where the relative azimuth angle is large. For those pixels with a small relative azimuth angle, there is a strong linear relationship with range distance. This linear relationship appears to be very similar for both the TERRA (MOD) and AQUA (MYD) MODIS sensors where the slope and intercept is (0.001, −0.58) for MOD and (0.001, −0.59) for MYD. These results suggest a 6% OWL threshold (i.e., removing all OWL pixels containing less than 6% water) would remove all commission errors only for those pixels with a large relative azimuth angle.

Figure 5. MODIS OWL flood extent for Site D2 for pixels mapping greater than 5% inundation plotted against range distance. The points are separated into those where the MODIS view angle is towards the sun, and those away from the sun for (a) MOD and (b) MYD data. For MOD data the direction of the sun is east, and for MYD it is west.
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To test the sensitivity of the MODIS OWL threshold for eliminating commission errors, the number of pixels erroneously classified as water for sites D1 and D2 is shown in Table 1 for threshold values of 1% to 16% water. Note that those dry periods from Site D2 with a small relative azimuth angle (between the MODIS’ and sun’s azimuth angles), needed to be excluded from Table 1 for clarity (refer to Figure 4), since OWL values of up to 40% water were being erroneously identified. Previous research indicates that a MODIS OWL threshold between 3% and 6% provided best agreement when compared to an equivalent Landsat flood map [22]. Table 1 shows that apart from erroneously identifying water in four of the images (due to cloud shadow or a fire scar), a MODIS OWL threshold of 6% (i.e., remove those pixels with less than 6% water) appears to work well.


Table 1. Number of pixels erroneously identified as having water for the different MODIS OWL threshold values for sites D1 and D2. All MOD and MYD data for the 2003, 2004, 2009 and 2010 wet seasons are used (with the exception of the Site D2 dry periods with a small relative azimuth angle). Those images erroneously identified as water with a 6% OWL threshold or greater contain cloud shadow (at 6% and 10%) or a fire scar (at 15%).



	
Data

	
OWL Threshold (%)




	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9

	
10

	
11

	
12

	
13

	
14

	
15

	
16






	
MOD—D1

	
2779

	
50

	
9

	
2

	
2

	
1

	
0

	
0

	
0

	
3

	
0

	
0

	
0

	
0

	
0

	
0




	
MYD—D1

	
1862

	
46

	
7

	
0

	
1

	
0

	
0

	
0

	
0

	
1

	
0

	
0

	
0

	
0

	
1

	
0




	
MOD—D2

	
4623

	
1058

	
380

	
101

	
18

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0




	
MYD—D2

	
2235

	
618

	
368

	
164

	
52

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0













5.2.2. Sites Expected to Flood (W1 and W2)

Sites W1 and W2 occur on the Flinders and Norman Rivers respectively, at streamflow gauge locations. Hence streamflow can be compared to the total MODIS OWL extent through time. Figure 6 and Figure 7 show the MODIS OWL extent, along with streamflow and rainfall, for the 2003, 2004, 2009 and 2010 wet seasons. The MODIS OWL pixels mapping greater than 5% inundation were used to eliminate the commission errors, as described earlier. For both the wet and dry periods, the MODIS OWL total extent matches well with the streamflow data through time. As might be expected, there is a possible lag time between the increase in streamflow and increase in the MODIS OWL water extent. This is particularly apparent for the peak of the floods in 2009 for Site W2. This is most likely due to the location of a weir within the ROI, which holds water before it spills over the top and floods downstream. It is also worth noting the limited number of MODIS OWL water maps at the start of the flood event. This is an unfortunate characteristic of optical remote sensing imagery for mapping flood events, since flooding often occurs during periods of extended cloud cover.

Figure 6. MODIS OWL flood extent (using only those pixels mapping greater than 5% inundation) for the MOD and MYD data for Site W1, for the 2003, 2004, 2009 and 2010 wet seasons. Rainfall and streamflow are also shown.
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Figure 7. MODIS OWL flood extent (using only those pixels mapping greater than 5% inundation) for the MOD and MYD data for Site W2, for the 2003, 2004, 2009 and 2010 wet seasons. Rainfall and streamflow are also shown.



[image: Remotesensing 06 11791 g007 1024]









The MOD and MYD total flood extent is plotted against streamflow for the 2003, 2004, 2009 and 2010 wet seasons to look at the regression relationship in more detail for sites W1 and W2 (Figure 8 and Figure 9 respectively). Those images containing a low view angle (or range distance less than 1000 km) are highlighted for both sites. The relationship between MODIS flood extent and streamflow appears to be a 2nd order polynomial, due to the delay in the increase of flood extent when compared to streamflow. The R2 for these regression relationships are shown in the Figures. For Site W1 the relationships are very similar for the MOD and MYD flood extents compared to streamflow. Even when the large view angles (large range distance) are removed, the regression relationships do not change substantially.

Figure 8. MODIS OWL flood extend plotted against streamflow for Site W1 for the 2003, 2004, 2009 and 2010 wet seasons. The data with a low view angle (lowVA), or range distance less than 1000 km, are shown in the large diamond shape.
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Figure 9. MODIS OWL flood extend plotted against streamflow for Site W2 for the 2003, 2004, 2009 and 2010 wet seasons. The data with a low view angle (lowVA), or range distance less than 1000 km, are shown in the large diamond shape.
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The results for Site W2 have a notable improvement when the large view angles are removed (Figure 9). In general, larger view angles (large range distance) result in smaller flood extents compared to smaller view angles for both MOD and MYD data. This reduction in flood extent for the large view angle is independent of relative azimuth angle.





The MOD and MYD OWL extents (mean, maximum and total OWL) are compared for sites W1 and W2 to determine if there is any noticeable difference between the two sensors. For Site W1 (Figure 10a–c), there is no notable difference between the MYD and MOD water maps for mean and total OWL value. For the maximum OWL value there is no difference except when there is a large difference in view angle (i.e., range distance is greater than 1000 km for one of the images). In one case an outlier (shown in orange in Figure 4b) has a maximum MYD OWL value greater than 90% water when the range distance is less than 750 km, and the MOD OWL value is less than 20% water when the range distance is greater than 1250 km. A large view angle (or long range distance) will reduce the number of pixels containing high % water values (as shown in Section 5.1), and increase the number of low % water values for those pixels with a small relative azimuth angle.

Figure 10. Mean (a), Maximum (b) and Total (c) OWL value for MYD verses MOD flood extent for the dates in common for Site W1. Mean (d), Maximum (e) and Total (f) OWL value for MYD verses MOD flood extent for the dates in common for Site W2. (Orange shows the points with a large difference in range distance between the MOD and MYD images).
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For the mean and total OWL values for Site W2 there is no notable difference between the MOD and MYD flood extents for low view angles (Figure 10d–f), while there is a difference for the large view angles (i.e., those with a range distance greater than 1000 km). The maximum OWL deviates from a 1:1 relationship for two of the images having a low range distance. This again can be explained by the difference in viewing angle. Even though both range distances are considered low, the MOD image has a smaller view angle (range distance 825 km) so it can see a small water feature much better than the MYD image with a larger view angle (range distance 950 km). There are large deviations from the 1:1 relationship for the maximum OWL value for those dates containing large view angles.

To test how well the MODIS OWL compares to an independent MODIS flood product, the MODIS OWL flood extent is compared to the NASA/DFO NRT flood extent of their 2-day composite product for a relatively large flood at Site W1 (Figure 11). Based on the results already shown in this paper, an OWL threshold of 6% was used and only the dates with a range distance of less than 1000 km is used. For clarity the MOD and MYD OWL flood extent are shown as the one product. Streamflow is included in Figure 11 for identifying the start, peak and end of the flood. Even though the pixel size is larger (500 m), the MODIS OWL data is identifying the flood event earlier than the NRT MSW data, as well as showing flooding for a longer period during the flood’s recession (of at least 3 days). However the MODIS OWL is mapping a much larger flood extent than the NRT MSW data. This is possibly due to the sensitivity of the SWIR band used in the MODIS OWL algorithm, but it is beyond the scope of this paper to explore further.

Figure 11. MODIS flood extent from the MODIS OWL and the NASA generated NRT MODIS Surface Water (MSW) product for Site W1 for February 2012. The MODIS OWL flood extent uses only those pixels mapping at least 6% inundation and a range distance of less than 1000 km (low View Angle) for the MOD and MYD data. Streamflow is also shown.
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6. Discussion

Daily MODIS data, in this case the MODIS OWL algorithm, appears to be a suitable tool for identifying water and mapping floods, following some considerations. It is well known that indices are better for mapping water than single bands as it helps to reduce the errors associated with the solar/viewing geometry. However, indices alone still vary with the solar/viewing geometry [29] and their application is not always a simple process. Kwak et al. [13] used a new index with the NIR and SWIR bands, but still needed to apply some water flow rules using a DEM to reduce its errors. Hu’s [29] Floating Algae Index (FAI) algorithm was designed to minimize the aerosol and solar/viewing geometry effects which can create multi-temporal spatial variation in a water-land threshold. Although it was designed for open oceans and coastal waters, Feng et al. [30] applies the FAI algorithm along with a within-scene spatial gradient for detecting the land-water boundary for Poyang Lake in China with encouraging results. When indices are not used, a method of temporal normalization is needed to correct for this variation in reflectance across the swath. Ward et al. [3] used a series of pseudo-invariant features to normalize the images. This method works well when such features are available, but may be difficult in areas of limited development.

Large view angles have always been an issue in MODIS data, e.g., [31]. Regardless of the method used to map water with the MODIS sensors, there is distortion in the pixel shape, and visibility is reduced for pixels with a large view angle. Narrow water features that are visible in pixels of low view angles can disappear altogether for large view angles.

While the MODIS OWL algorithm has some issues when identifying floods (as shown in this paper), our past experience has found the MODIS OWL to be an effective algorithm for mapping surface water for a number of reasons: it uses a standard algorithm, that can be quickly applied to all data (like the NDVI and mNDWI); it can map finer water features and has less omission errors for open water bodies compared to the often used mNDWI; and its SWIR band makes it more sensitive to water than the NDVI. Furthermore, for low view angles, the results presented here also show the MODIS OWL to be less noisy than the mNDWI for the multi-temporal monitoring of a permanent water body. This paper acknowledges the issues associated with the MODIS OWL algorithm, and attempts to quantify its effect when identifying flood events in daily MODIS OWL data. For the MODIS OWL results presented here, a 6% OWL threshold appears to remove all commission errors except for those pixels having a low relative azimuth angle. The reason why this effect is occurring is because the reflectance reduces when looking into the sun, so for the OWL algorithm (Equations (1) and (2)) the single SWIR bands are more influenced by the sun direction compared to the normalized indices (i.e., NDVI and NDWI). The 6% OWL threshold can eliminate the commission errors in Site D1 but not for Site D2, which is possibly due to the different soil and vegetation cover.

The usefulness of the MODIS OWL algorithm has already been seen in a number of applications within Australia (e.g., [20,21,32]). However to make it more robust, it is desirable to apply a simple set of rules so that the MODIS OWL algorithm is a more operational and automated procedure for mapping flood events. Based on the research presented here, some considerations are required:


	For floods with MODIS pixels containing a high percentage of water within it, the MODIS OWL flood extent will reduce as view angle (or range distance) increases. Where possible, removing the pixels having a large view angle (or range distance greater than 1000 km) seems to improve the multi-temporal consistency.


	For MODIS pixels having a low proportion of inundation (especially for values less than 6% water) the total MODIS OWL flood extent will be larger compared to those with a low view angle. In this case, removing pixels containing less than 6% water in the MODIS OWL helps reduce commission errors (i.e., where pixels are incorrectly mapped as flooded).


	For the MODIS OWL algorithm, there is no notable difference between the MOD and MYD water maps. The main difference appears to be the reduced number of MYD scenes available due to increased cloud cover occurring in the afternoons in tropical regions.


	Soil and vegetation cover may have an influence on commission errors when the relative azimuth angle is low, as seen for Site D2 which had a spectral appearance of water according to the MODIS OWL algorithm. These same errors were not seen at Site D1 when the 6% MODIS OWL threshold was applied. The use of a flood likelihood mask could be used to eliminate areas not expected to flood. Such a mask could include height information from a DEM, to ensure only valleys and lowlands are able to be mapped as water, such as Martinis et al. [33], which would eliminate Site D2 as a potential flood zone.


	Unfortunately remnant cloud or cloud shadow, that are not removed with the NASA generated cloud mask algorithm, cannot be automatically detected and removed. However for those pixels remaining after a flood-likelihood mask and a 6% MODIS OWL threshold is applied, a multi-temporal algorithm could be used to detect uncharacteristic spikes in flood extent. This would be a relatively simple process since the location of cloud/cloud shadow varies for each MODIS image. The NASA NRT MODIS Global Flood Map product [10] also identifies most cloud shadow as water, hence they define a pixel as wet when it has been identified as water for two of more days. For priority areas, it may be possible to develop a relationship between MODIS OWL extent and streamflow based on historical data with low view angle, and preferably good solar/viewing geometry. That way, pixels containing a large range distance could be substituted with the historical OWL extent values according to flow gauge data. However this will only work for characteristic flood events that follow historical flood patterns.






7. Conclusions and Recommendations

Our past experience has found the MODIS OWL water mapping algorithm to be useful for identifying and mapping flood events. While the influence of solar/viewing geometry on MODIS data has been readily acknowledged in the literature, this paper attempts to quantify this effect on daily MODIS OWL data to make it suitable for identifying floods events in a more automated way. The daily MODIS OWL algorithm can be used for mapping medium to large flood events, although the MODIS sensor cannot reliably map narrow water features of less than one pixel width, and there is limited data at the beginning of a flood event. When data are available, our study showed the MODIS OWL water maps can be used to identify the progression of a flood event. However there are some recommendations to apply to reduce the multi-temporal noise and incorrect identification of water in the MODIS pixel:


	Select MODIS OWL values of at least 6% water as it eliminates most commission errors.


	In some cases it may be necessary to exclude pixels having a low relative azimuth angle (i.e., the angle between the MODIS’ and sun’s azimuth angles) as this introduces commission errors in some spectrally dark pixels. However, a flood likelihood mask will also reduce the number of spectrally dark pixels which may be confused with water.


	Use daily MODIS OWL data of low view angle (range distance less than 1000 km) where possible.


	In some situations, data may be limited and all cloud-free dates are needed regardless of range distance and solar/viewing geometry. In this case, temporal averaging could be used to reduce the daily fluctuations in flood extent and to identify outliers.




The spatial and temporal consistency of the MODIS sensors means they can be of great value in detecting and monitoring the general changes in surface water movement. Given the limitations mentioned in this study, the MODIS OWL surface water maps are sensitive to the dynamics of water movement when compared to streamflow data. Application of the recommendations described here does appear to make it a suitable product for mapping inundation extent and flood progression at regional/basin scales.
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