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Abstract: A method for estimating river water surface elevation (WSE) from Landsat imagery using 

the river inundation area - water surface elevation (RIA-WSE) rating curve constructed from the 

U.S. Geological Survey Topobathymetric Elevation Model (TEM) data was developed and tested at 

six gauging stations along the upper Mississippi River. The Otsu’s automatic threshold selection 

algorithm was employed for the image classification and estimation of inundation areas within each 

pre-defined polygon around each gauging station. In addition to the commonly used green-band 

based water indices, Landsat 8 and 9 OLI’s ultra-blue, blue, and red band-based water indices were 

also tested in this study, which resulted in twenty different water indices: NDWIv (Normalized 

Difference Water Index), MNDWI1v and MNDWI2v (Modified Normalized Difference Water 

Index), AWEIsv (Automatic Water Extraction Index with shadow), and AWEInsv (AWEI without 

shadow), where v represents the visible light band used in the water index. At each station, about 

60-80 Landsat 8 or 9 images during 2013-2023 were used for assessing the performances of the 

twenty water indices through comparing the estimated WSEs with the measured WSEs. Results 

showed that the ultra-blue or red band-based AWEIs yielded the most accurate estimations of WSEs 

among the twenty tested water indices.  

Keywords: river water surface elevation; topobathymetric elevation model (TEM); river inundation 

area-water surface elevation (RIA-WSE) rating curve; Landsat; satellite image classification; the 

Otsu method; water index; bilinear and cubic resampling methods 

 

1. Introduction 

River stage is referred to water surface height above the gage datum at a stream gauging station. 

The sum of river stage and gage datum is the river water surface elevation (WSE) relative to the mean 

sea level. Either river stage or river WSE is a key variable measured at any stream gauging station, 

since many gauging stations first directly measure river stages or WSEs and then estimate river 

discharges based on the stations’ stage-discharge rating curves [1,2]. Both river stage and discharge 

are fundamental hydrologic variables for water cycle study [3,4], flood frequency analysis [5–7], flood 

forecast and prevention [8,9], water resources management [10,11], ecosystem services [12], reservoir 

management [13], river navigation [14], riverine recreation [15], and other applications.  

It is well known that automatically measuring river stages at gauging stations can save time and 

effort, but it still requires operational costs [16] for equipment repair and maintenance, data collecting 

and transmission, and others. Because of lack of funding, the number of gauging stations in the 

United States has declined since the late 1990s [17–20]. Numerous major flood events around the 

world were not sufficiently measured [21] and many stream gauging networks for global major rivers 

shrank, not to mention medium and small rivers [20]. 

Two noticeable problems that the hydrology and water resources community is facing are 

missing data at gauging stations due to equipment failure and non-monitoring at ungauged river 

cross sections. To fill data gaps at gauging stations or to monitor WSEs at any ungauged river cross 

sections, remote sensing is one of economical, effective and efficient approaches that can play a 
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significant role in solving these two problems. Since the 1990s, substantial progress has been made in 

remote sensing of river stage [22–24].  

There are two types of remote sensing approaches for monitoring river stage or WSE [25–27], 

i.e., directly measuring river WSE using spaceborne or airborne LiDAR or altimetry radar [28–46], 

and indirectly estimating river WSE from remote sensing imagery based on relationships between 

river width or river inundation area versus WSE established from the topographic information [25–

27,39,40,47–58]. Both methods have advantages and limitations. Although the direct method is 

straightforward for measuring river WSE without any assistance from other remotely sensed data, 

satellites carrying radars or lasers usually have low sampling frequency, i.e., satellite overhead period 

or revisit time is long. On the other hand, even if the satellites are overhead, if the radar or laser 

scanning points are not falling on the river cross sections of interest, no river WSE data are available 

for these river cross sections. However, one major advantage associated with the direct method is 

that the accuracy of the measured WSEs is usually very high and can be at the centimeter level. 

Although the indirect method may not be able to achieve a better accuracy than the direct method, 

the indirect method can be used to estimate river stage or WSE at any river cross sections from 

remotely sensed imagery if the river basin is covered by satellite or aerial imagery.  

This study aims to improve the accuracy of the estimated river WSEs using the indirect method, 

and specifically to address three key questions related to the accuracy of the estimated river WSEs 

from Landsat 8 and 9 Operational Land Imager (OLI) imagery using the constructed river inundation 

area (RIA) – WSE rating curves, i.e., 1) which water indices are the best for distinguishing water and 

non-water pixels in Landsat 8-9 OLI images? 2) which image resampling method(s) can improve the 

accuracy of the estimated WSEs? 3) under what flow conditions the constructed RIA-WSE rating 

curves fail to yield accurate estimations of river WSEs? A detailed description of these three questions 

and the suggested methods for solving them are presented in Section 3.  

The arrangement of this paper is as follows. Section 2 describes study sites and data. Section 3 

introduces methods. Section 4 contains results and discussion. Conclusions are presented in Section 

5.  

2. Study Sites and Data 

Six stream gauging stations along the upper Mississippi river (UMR) were chosen for this study, 

because the topobathy elevation model (TEM) data with one-meter resolution along the UMR 

produced by the Upper Mississippi River System (UMRS) are available [59] for establishing the RIA-

WSE rating curves. Topobathy is a seamless surface model that contains terrestrial and riverbed 

elevation. The UMRS utilized airborne Lidar to map the terrestrial elevation and the Acoustic 

Doppler Current Profile (ADCP) to survey river bathymetry [60]. 

Among the six selected stations, five stations are managed by the U.S. Geological Survey (USGS) 

and one station is operated by the U.S. Army Corps of Engineers (USACE). Table 1 lists the station 

name, station ID, UMRS Topobathy Pool ID, latitude, longitude, gage datum, temporal resolution of 

river stage data, and number of Landsat images used for each selected station. Considering some 

stations only have river stage data after 2013, while Landsat 5 was deactivated in June of 2013, this 

study only used Landsat 8 and 9 OLI images downloaded from the USGS EarthExplorer.  

To understand the errors in the estimated river WSEs from Landsat 8-9 OLI imagery, high spatial 

resolution (1 m prior to 2018, and 0.6 m 2018-current) aerial images acquired by the National 

Agricultural Imagery Program (NAIP) downloaded from the USGS EarthExplorer were also used to 

extract river inundation areas for estimating river WSEs and assessing differences in the estimated 

river WSEs between Landsat 8-9 OLI and NAIP imagery.  

Station 

USGS 

Station 

ID 

UMRS 

Pool 

Topobath

y 

Latitude 
Longitud

e 

Gage  

Datum 

(ft) 

River Stage Data 

Temporal 

Resolution 

Number of 

Landsat 8-

9 OLI 

Images 

Grafton, IL 
0558745

0 
Pool26 

38°58′5”

N 

90°25′44

”W 
403.79 30-min 70 
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Prescott, 

WI 

0534450

0 
Pool 3  

44°44′45

”N 

92°48′0”

W 
649.67 

Hourly (15-min after 

2013/3/29) 
80 

Red Wing, 

MN 

0535525

0 
Pool 3 

44°33′55

”N 

92°32′33

”W 
664.82 15-min 71 

St. Louis, 

MO 

0701000

0 
ORN@ 

38°37′44

”N 

90°10′47

”W 
379.58 

Hourly (30-min after 

2019/4/17) 
63 

Wabasha, 

MN 

USACE

* 
Pool4 

44°23′14

”N 

92°2′13”

W 

elevatio

n 
Daily 62 

Winona, 

MN 

0537850

0 
Pool6 

44°03′20

”N 

91°38′15

”W 
639.64 

Hourly (15-min 

after2009/12/14) 
65 

* Station operated by the U.S. Army Corps of Engineers @Open River North. 

3. Methods 

3.1. Overall Method and Flowchart  

This study evaluates the accuracy of the estimated river WSEs from Landsat 8-9 OLI imagery 

among twenty water indices through comparing the estimated river WSEs with the measured WSEs 

at six gauging stations along the upper Mississippi River from Minnesota to Missouri. The overall 

method employed in this study is illustrated in the flowchart as shown in Figure 1.  

 

Figure 1. Flowchart. 

According to the coordinates of each gauging station, a polygon is defined covering the gauging 

station if there is no bridge or other man-made structures, and no dense vegetation on the riverbanks 

within the polygon. Otherwise, a polygon is chosen near the gauging station to ensure that no bridge, 

or man-made structures, or densely vegetative riverbanks exist inside the polygon.  

The USGS TEM data is first clipped to cover the pre-defined polygon, and then the clipped TEM 

data is used in constructing the RIA-WSE rating curve inside the pre-defined polygon. The principle 
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of constructing the RIA-WSE rating curves using the TEM data is the same as constructing the RIA-

WSE using the digital elevation model (DEM) data [25–27,56]. However, the RIA-WSE rating curves 

constructed from the DEM data are only valid for estimating river stages or WSEs that are above the 

lowest elevations in the DEM data inside the pre-defined polygon. The lowest elevations in the DEM 

data are the river water surface elevations as the ground, airborne or spaceborne surveys were carried 

out to measure terrain elevations for producing the DEM data. Unlike the DEM data, the TEM data 

contain the information of riverbed elevations, and thus the RIA-WSE rating curves constructed from 

the TEM data are valid for the entire dynamic range of river stages or WSEs at the corresponding 

river cross sections.  

3.2. Construct the RIA-WSE Rating Curves  

To explain the method of constructing the RIA-WSE rating curves from the TEM data, a 

hypothetical TEM dataset inside a pre-defined polygon is shown in Figure 2. The number within each 

cell stands for the elevation (in meters) of riverbank or riverbed, and the grid cell size is 1m x 1m. 

Starting from the minimum elevation (i.e., 10m) inside the polygon, let river water surface elevation 

rise toward the maximum elevation inside the polygon (i.e., 16m) with an incremental interval of 1m. 

For a TEM dataset with an elevation precision of 1 cm or 1 mm, an incremental interval of 1 cm or 1 

mm should be used. Based on each water surface elevation, the river inundation area (RIA) inside 

the pre-defined polygon corresponding to that water surface elevation is calculated. The calculated 

RIAs are as follows: 2 m2 (10 m), 5 m2 (11 m), 10 m2 (12 m), 15 m2 (13 m), 23 m2 (14 m), 29 m2 (15 m), 

and 30 m2 (16 m), where numbers inside the parentheses are the corresponding river WSEs.  

 

Figure 2. Constructing the RIA-WSE from a hypothetical TEM data. 

Based on the computed RIAs, a RIA-WSE rating curve is constructed and plotted in Figure 2. 

Actually, a RIA-WSE look-up table might be more useful than a RIA-WSE rating curve for 

determining river WSEs. For example, if the RIA extracted from Landsat imagery is between RIAi 

and RIAi+1, we can use the linear interpolation to estimate the WSE as follows:  

��� = ���� + (
�����������

�����������
)(��� − ����)      (1) 

where WSEi and WSEi+1 are WSEs corresponding to RIAi and RIAi+1, respectively.  

3.3. Twenty Water Indices 

The commonly used water indices are green band based [61] and include the normalized 

difference water index (NDWI) [62], the modified normalized difference water index (MNDWI) [63], 

and the automatic water extraction index for non-shadow (AWEIns) and shadow (AWEIs) [64]. The 

formulas of these five water indices are given as follows. 

���� =
�������

�������
;  ������ =

���������

���������
;  ������ =

���������

���������
    (2) 

������ = 4(�� − ������) − (0.25���� + 2.75������)      (3) 

����� = �� + 2.5�� − 1.5(���� + ������) − 0.25������     (4) 

where rG rNIR, rSWIR1, rSWIR2, rB are spectral reflectance of green, near infrared, shortwave infrared 1, 

shortwave infrared 2 and blue bands, respectively. Pan et al. (2020) suggested that the ultra-blue, 
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blue, and red bands of Landsat 8 and 9 OLI imagery could also be used in computing water index 

[61], as blue or ultra-blue band might work better for clear water, and red band for water containing 

a large amount of sediments. Therefore, if all four visible light bands of Landsat 8 and 9 OLI imagery 

are used to compute water index, twenty water indices can be yielded as follows: 

����� =
�������

�������
;  ������� =

���������

���������
;  ������� =

���������

���������
     (5) 

������� = 4(�� − ������) − (0.25���� + 2.75������)       (6) 

������ = �� + 2.5�� − 1.5(���� + ������) − 0.25������      (7) 

where rV is the spectral reflectance of one of four visile light bands, i.e., ultra-blue (rUB), blue (rB), green 

(rG), and red (rR).  

3.4. The Otsu Method  

In this study, the Otsu method [65], an unsupervised image classification method was used to 

determine the optimal water index threshold for differentiating water and non-water pixels in 

Landsat 8-9 OLI imagery. The principle of the Otsu method is to determine the optimal water index 

threshold for maximizing an objective function given as follows: 

���{�} = ���{�����(�� − ���)�}         (8) 

where Pw and Pnw are probabilities of water and non-water pixels, respectively; and μw and μnw 

are mean water index values of water and non-water pixels, respectively. The optimal water index 

threshold (OWI) is determined through iterating the water index threshold between -1 and 1 with an 

interval of 0.01 for achieving the maximum value of the objective function as shown in Eq.(8). All 

terms on the right-hand side of Eq.(8) are computed as follows: 

�� =
��

�
,  ��� =

���

�
,  �� =

∑ ���
����
���

��
, ��� =

∑ ���
�����
���

���
      (9) 

where WIi is the water index of pixel i, n, nw, nnw are number of total pixels, number of pixels with a 

water index greater than OWI, and number of pixels with a water index less than or equal to OWI, 

inside the pre-defined polygon, respectively.  

3.5. Resample Landsat 8-9 OLI Imagery  

The spatial resolution of Landsat 8-9 OLI imagery is 30 m, which is much coarser than the spatial 

resolution of the TEM data (i.e., 1 m) used in this study for constructing the RIA-WSE rating curves. 

To reduce errors and uncertainty in the extracted RIAs from the Landsat 8-9 OLI imagery due to the 

coarse resolution of the Landsat 8-9 OLI imagery, two raster resampling methods (bilinear and cubic) 

embedded in the ArcGIS Pro software were used to resample each Landsat 8-9 OLI imagery from the 

cell size of 30 m to 1 m.  

3.6. Accuracy Assessment  

To assess the accuracy of the estimated river WSEs, the measured river WSEs at the time close 

to the scene center times of Landsat 8-9 OLI images used for extracting river inundation areas were 

used for computing the errors (i.e., WSEest - WSEobs ). For the NAIP imagery, the measured river WSEs 

at 12:00pm local standard time were used to compute the errors in the estimated WSEs from the NAIP 

imagery, since most of the NAIP images were collected between 10:00am and 2:00pm local standard 

time [66]. Since at the Wabasha station operated by the U.S. Army Corps of Engineers, only daily 

mean WSE data are available, the observed daily mean WSEs were used for computing the errors. 

3.7. The K-Nearest Neighbor (KNN) Method 

Since no metadata of the NAIP aerial photos downloaded from the USGS EarthExplorer are 

available for converting the digital number (DN) of each pixel into all required spectral reflectance 

for computing all twenty water indices described in Section 3.3, the K-Nearest Neighbor (KNN) 

classifier [67], a supervised image classification method, was used for identifying water and non-

water pixels in the NAIP aerial photos. Applying the KNN method to determine if an unknown pixel 

x belongs to water or non-water class, two training sample sets (i.e., water and non-water) are selected 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 June 2024                   doi:10.20944/preprints202406.1856.v1

https://doi.org/10.20944/preprints202406.1856.v1


 6 

 

first, and then the spectral distance in the near infrared band of the NAIP imagery between pixel x 

and each training pixel is computed. The sum of the inverse distances between pixel x and all water 

training pixels (SIDw) is compared with the sum of the inverse distance between pixel x and all non-

water training pixels (SIDnw). If SIDw>SIDnw, pixel x belongs to water class, otherwise x belongs to 

non-water class [56]. After the RIAs inside the predefined polygon were computed, they were used 

to estimate WSEs based on the constructed RIA-WSE rating curves.  

4. Results and Discussion  

4.1. Construction of the RIA-WSE Rating Curves 

4.1.1. Grafton 

The USGS gauging station 05587450 along the Mississippi River at Grafton, Illionis is located at 

(East 722743m, North 4316370m, UTM15) and shown as a red dot in Figs.4a (NAIP) and 4b 

(Topobathy). The red polygon shown in Figure 4a and 4b is the polygon for constructing the RIA-

WSE rating curve. The constructed RIA-WSE rating curve is plotted in Figure 4c.  

 

Figure 4. a. NAIP image (left), Figure 4b. Topobathy image (center), Figure 4c. Constructed RIA-WSE 

rating curve (right) at Grafton. 

4.1.2. Prescott 

The USGS gauging station 05344500 along the Mississippi River at Prescott, Wiscosin is located 

at (East 515817m, North 4954732m, UTM15) and shown as a red dot in Figs.5a (NAIP) and 5b 

(Topobathy). A polygon for constructing the RIA-WSE rating curve was chosen over the the gauging 

station shown as a red polygon in Figs.5a and 5b. The constructed RIA-WSE rating curve is plotted 

in Figure 5c.  

 

Figure 5. a. NAIP image (left), Figure 5b. Topobathy image (center), Figure 5c. Constructed RIA-WSE 

rating curve (right) at Prescott. 

4.1.3. Red Wing 

The USGS gauging station 05355250 along the Mississippi River at Red Wing, Minnesota is 

located at (East 536330m, North 4934762m, UTM15) and shown as a red dot in Figs.6a (NAIP) and 6b 

(Topobathy). This gauging station is located around an area with some man-made structures. To 
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reduce the impact of man-made structures on the extracted RIAs inside the polygon, a polygon was 

chosen at the opposite riverbank shown as a red polygon in Figs.6a and 6b. The constructed RIA-

WSE rating curve is plotted in Figure 6c.  

 

Figure 6. a. NAIP image (left), Figure 6b. Topobathy image (center), Figure 6c. Constructed RIA-

WSE rating curve (right) at Red Wing. 

4.1.4. St. Louis 

The USGS gauging station 07010000 along the Mississippi River at St. Louis, Missouri is located 

at (East 745505m, North 4279369m, UTM15) and shown in Figure 8a (NAIP) and 8b (Topobathy) as a 

red dot. This gauging station is located near a bridge. To reduce the impact of the bridge in the 

extracted RIAs from Landsat imagery, a polygon was chosen at the downstream of the gauging 

station shown as a red polygon in Figs.7a and 7b. The constructed RIA-WSE rating curve is plotted 

in Figure 7c.  

 

Figure 7. a. NAIP image (left), Figure 7b. Topobathy image (center), Figure 7c. Constructed RIA-WSE 

rating curve (right) at St. Louis. 

 

Figure 8. a. NAIP image (left), Figure 8b. Topobathy image (center), Figure 8c. Constructed RIA-WSE 

rating curve (right) at Wabasha. 

4.1.5. Wabasha 

The USACE gauging station along the Mississippi River at Wabasha, Minnesota is located at 

(East 576708m, North 4915333m, UTM15) and shown as a red dot in Figs.8a (NAIP) and 8b 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 June 2024                   doi:10.20944/preprints202406.1856.v1

https://doi.org/10.20944/preprints202406.1856.v1


 8 

 

(Topobathy). This gauging station is located around an area with some man-made structures. To 

reduce the impact of man-made structures, a polygon was chosen at the upstream of the gauging 

station shown as a red polygon in Figs.8a and 8b. The constructed RIA-WSE rating curve is plotted 

in Figure 8c.  

4.1.6. Winona 

The USGS gauging station 05378500 along the Mississippi River at Winona, Minnesota is located 

at (East 609136m, North 4878946m, UTM15) and shown in Figs.9a (NAIP) and 9b (Topobathy) as a 

red dot. This gauging station is located around an area with some man-made structures. To reduce 

the impact of man-made structures, a polygon was chosen at the slightly downstream of the gauging 

station shown as a red polygon in Figs.9a and 9b. The constructed RIA-WSE rating curve is plotted 

in Figure 9c.  

 

Figure 9. a. NAIP image (left), Figure 9b. Topobathy image (center), Figure 9c. Constructed RIA-WSE 

rating curve (right) at Winonna. 

4.2. Comparison of the Bilinear and Cubic Resampling Methods 

In this study, the topobathy elevation model (TEM) data used for constructing the RIA-WSE 

rating curves has a spatial resolution of 1 m, while the spatial resolution of Landsat 8-9 OLI imagery 

is 30 m. To match the finer resolution of the TEM data, all Landsat images used in this study were 

resampled (downscaled) from 30 m to 1 m using two resampling methods in the ArcGIS Pro, i.e., 

bilinear and cubic.  

Table 2 shows that among the six selected stations, the percentage of the estimated WSEs from 

the resampled Landsat 8-9 OLI imagery using the cubic resampling method being more accurate than 

the estimated WSEs using the bilinear resampling method ranged from 58.3% (Red Wing) to 86.8% 

(St. Louis), which indicates that the cubic resampling method is better than the bilinear resampling 

method in terms of the accuracy of the estimated WSEs based on the extracted RIAs from the 

resampled Landsat 8-9 OLI imagery. The reason why the cubic resampling method is better than the 

bilinear resampling method for downscaling Landsat 8-9 OLI imagery from 30 m to 1m might be due 

to that the cubic resampling method has one more parameter than the bilinear method.  

Table 2. Comparison of the errors in the estimated WSEs between bilinear and cubic resampling 

methods. 

Error Comparison Grafton Prescott Red Wing St. Louis Wabasha Winona 

|err|bilinear=|err|cubic 10.5% 15.1% 7.3% 1% 9.9% 15.1% 

|err|bilinear<|err|cubic 27.7% 8.6% 34.4% 12.2% 8.6% 21.1% 

|err|bilinear>|err|cubic 61.8% 76.3% 58.3% 86.8% 81.5% 63.9% 

4.3. Comparison of the Estimated WSEs among Twenty Water Indices  

As described in Section 3.3., there are twenty water indices that can be used for differentiating 

water and non-water pixels in Landsat 8-9 OLI imagery. To compare these twenty water indices, two 
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criteria were employed in this study. First, at each station, the estimated WSEs using the twenty water 

indices were ranked from 1 which is associated with the smallest error (compared with the observed 

WSEs) to 20 (the largest error) for each of the selected Landsat 8-9 OLI images. Then these ranking 

data were used for making the box plots as shown in Figs.11 (bilinear resampling) and 12 (cubic 

resampling). 

 

Figure 11. Box plots of the error ranks (among twenty water indices) of the estimated WSEs from the 

resampled Landsat 8-9 OLI imagery using the bilinear resampling method. 

 

Figure 12. Box plots of the error ranks (among twenty water indices) of the estimated WSEs from the 

resampled Landsat 8-9 OLI imagery using the cubic resampling method. 

The second criterion for evaluating twenty water indices is the box plot of the errors in the 

estimated WSEs at each station as shown in Figs. 13 (bilinear resampling) and 14 (cubic resampling).  
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Figure 13. Box plots of the errors in the estimated WSEs from the resampled Landsat 8-9 OILI imagery 

using the bilinear resampling method. 

 

Figure 14. Box plots of the errors in the estimated WSEs from the resampled Landsat 8-9 OILI imagery 

using the cubic resampling method. 

Figs.11-14 all demonstrate that the automatic water extraction index for non-shadow (AWEIns) 

and shadow (AWEIs) are better than other water indices in terms of the accuracy of the estimated 

WSEs at all six selected stations, no matter the bilinear resampling method or the cubic resampling 

method was used for downscaling Landsat 8-9 OLI imagery from 30 m to 1 m.  

4.4. Comparison of the Estimated WSEs between AWEIns and AWEIs  

To compare the performance of AWEIns and AWEIs, percentages of the absolute errors in the 

estimated WSEs using AWEIns that are equal to (i.e., |err|AWEIns=|err|AWEIs), less than (i.e., 

|err|AWEIns<|err|AWEIs), and greater than (i.e., |err|AWEIns>|err|AWEIs) the absolute errors in the 
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estimated WSEs using AWEIs at each of six selected stations were computed and listed in Table 3. 

Among these six stations, only the station at St. Louis exhibited that more than 50% of the absolute 

errors in the estimated WSEs uisng AWEIns are less than that of AWEIs, and the other five stations 

all showed that AWEIs performed better than AWEIns.  

Table 3. Comparison of the errors in the estimated WSEs between AWEIns and AWEIs. 

Error Comparison Grafton Prescott Red Wing St. Louis Wabasha Winona 

|err|AWEIns=|err|AWEIs 0% 1.9% 2.8% 0% 1.6% 0% 

|err|AWEIns<|err|AWEIs 28.2% 25% 34.2% 56.3% 24.6% 23.5% 

|err|AWEIns>|err|AWEIs 71.8% 73.1% 63% 43.7% 73.8% 76.5% 

4.5. Comparison of the Estimated WSEs among Four AWEIs  

Since four visible light bands (i.e., ultra-blue, blue, green, and red) were used in this study for 

computing the automatic water extraction index for shadow (AWEIs), while AWEIs performed better 

than other water indices, it is necessary to compare the errors in the estimated WSEs among these 

four visible light band-based AWEIs. Table 4 lists the percentages of the absolute errors in the 

estimated WSEs associated with each of AWEIs that are the smallest among the four visible light 

band-based WAEIs at each station.  

Table 4. Percentages of the smallest absolute errors of the estimated WSEs among four visible light 

band (VLB) -based AWEIs. 

VLB Grafton Prescott Red Wing St. Louis Wabasha Winona 

Ultra-blue 55.7% 40% 33.8% 55.6% 16.1% 56.9% 

Blue 31.4% 28.8% 21.1% 34.9% 16.1% 13.8% 

Green 20% 15% 38% 30.2% 33.9% 12.3% 

Red 21.4% 31.2% 40.8% 19% 41.9% 27.7% 

It should be noted that the sum of the percentages of the smallest absolute errors among four 

visible light band-based AWEIs at each station is not necessarily equal to 100%, because multiple 

visible light band-based AWEIs could yield the same lowest absolute errors at the same time.  

According to Table 4, either ultra-blue or red band-based AWEIs performed better than blue or 

green band-based AWEIs in terms of the accuracy of the estimated WSEs from Landsat 8-9 OLI 

imagery, although the green band-based water indices are commonly used.  

Pan et al. (2020) suggested that the ultra-blue band might work better than other visible light 

bands for clear water, and red band might perform well for water with a large amount of sediments. 

Table 4 only shows the overall performance of AWEIs among 60-80 imaging dates during the period 

of 2013-2024. We understand that water quality is a dynamic variable that varies with time, 

atmospheric conditions, weather patterns, land use and land cover change, and others. To reveal the 

water quality impact on the performance of four visible light band-based AWEIs, the suspended 

sediment concentration data collected at the St. Louis station (only this station has daily water quality 

data during a portion of this study period) were used to make a time series plot as shown in Figure 

15. The absolute errors of the estimated WSEs by the four AWEIs versus time were also plotted in 

Figure 15.  
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Figure 15. Time series plots of daily suspended sediment concentration and the absolute errors in the 

estimated WSEs using ultra-blue (cyan dots), blue (blue dots), green (green dots), and red (red dots) 

band-based AWEIs at St. Louis. 

Figure 15 shows that at St. Louis station, most of the estimated WSEs using the ultra-blue band-

based AWEIs are more accurate that the estimated WSEs using other three visible light band-based 

AWEIs, which is consistent with Table 4. Figure 15 also shows that as the suspended sediment 

concentration decreased, the difference in the absolute errors of the estimated WSEs between red and 

ultra-blue band-based AWEIs increased, especially on July 25 of 2013. This result suggests that the 

red band-based AWEIs works better for water with high sediment loads while the ultra-blue band-

based AWEIs is suitable for clear water. 

4.6. The Dependence of the Errors in the Estimated WSEs by AWEIns and AWEIs on River Stages 

To investigate how the errors in the estimated WSEs by AWEIns and AWEIs vary with river 

stages, the scatter plots of measured WSEs versus estimated WSEs using AWEIns and AWEIs are 

illustrated in Figure 16, along with the constructed RIA-WSE rating curve at each station. Four 

colored-dots, i.e., cyan, blue, green, and red in Figure 16 represent estimated WSEs using ultra-blue, 

blue, green and red band-based AWEIns or AWEIs, respectively. Figure 16 shows that overall AWEIs 

performed better than AWEIns, especially at Winona station, which is consistent with Table 3. Since 

AWEIs is better than AWEIns, let us focus on the AWEIs results in Figure 16. To understand the error 

behavior of the estimated WSEs using the AWEIs, the scatter plots of the measured WSEs versus the 

estimated WSEs from the NAIP imagery at each station were also plotted in the same plots of the 

AWEIs results in Figure 16.  

Figure 16 shows that at Grafton station, as WSEs above 129m, the estimated WSEs are more 

accurate that those below 129m. The constructed RIA-WSE rating curve at Grafton plotted in Figure 

16 exhibits a sharp increase in the slope as the WSE drops below 129m, i.e., a small change in RIA is 

associated with a large change in WSE. This sharp increase in the slope of the RIA-WSE rating curve 

could induce the uncertainty in the extracted RIAs from Landsat 8-9 OLI imagery, although Landsat 

8-9 OLI images used in this study were downscaled from 30m to 1m. The black dots shown in Figure 

16 at Grafton do not show the same error behavior as the Landsat results, because the NAIP imagery 

has a spatial resolution of 1m prior to 2018 and 0.6 after 2018.  
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Figure 16. Scatter plots of measured vs estimated WSEs using AWEIns (left box) and AWEIs (right 

box), and the constructed RIA-WSE rating curve (center box) at each of six selected stations. 

At Prescott station, the estimated WSEs were more accurate as the WSEs above 207m than those 

below 207m due to a slight increase in the slope of the constructed RIA-WSE rating curve. There is 

no NAIP imagery acquired during the time as the WSE is below 207m. The estimated WSEs based on 

NAIP imagery at Prescott as WSE below 207m are more accurate than the Landsat results as shown 

in Figure 16. 

At Red Wing station, the errors in the estimated WSEs from Landsat imagery as WSE below 205 

m are due to the steep slope in the constructed RIA-WSE rating curve, and the errors in the Landsat 

estimated WSEs as WSE above 205 m are probably caused by the dense plant canopy cover (see Figure 

6a) that blocks remote sensing of water on the ground and in turn decreases the extracted RIAs from 

the Landsat 8-9 OLI imagery. The NAIP results shown in Fi.16 are better than the Landsat results as 

WSE below 205m. There is no NAIP imagery acquired at the time as WSE above 205 m. 

Results at St. Louis, Wabasha and Winona all demonstrate that a sharp increase in the 

constructed RIA-WSE rating curves could increase the errors of the Landsat estimated WSEs, 

especially at St. Louis station as WSE below 108m, while such impact did not appear in the estimated 

WSEs from NAIP imagery (unfortunately no NAIP images are available at St. Louis as WSE below 

108m), and the main reason is that the NAIP imagery has a very high spatial resolution, although the 

Landsat imagery was resampled from 30m to 1m in this study. 

5. Conclusions 

Topobathymetric elevation model (TEM) data are more useful than the DEM data in 

constructing the RIA-WSE rating curves because the constructed RIA-WSE rating curves from the 

TEM data can be used for estimating river WSEs over the whole dynamic range of the river stages 

especially at the low flow conditions, while the constructed RIA-WSE rating curves from the DEM 

data are only valid above the minimum elevations in the DEM data at river cross sections, which 

actually are the water surface elevations as ground survey was conducted collecting elevation data 

for producing DEM data. 

The selection of a polygon for constructing the RIA-WSE rating curve is critical, as shown in this 

study, an optimal polygon should cover the riverbank and a portion of river without any man-made 

structures and dense vegetation cover. However, sometimes we may need to choose a polygon far 

away from the cross section of interest, as the distance from the cross section increases, the errors in 
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the estimated WSEs would also increase since the water surface elevation can vary significantly along 

the river especially during high flow conditions. If this is the case, the direct method seems a better 

choice as the radar altimeter or laser scanning points can directly struck on the water surface. 

As Landsat imagery has a spatial resolution of 30m, to improve the accuracy of the estimated 

WSEs, resampling or downscaling Landsat imagery is necessary. This study found that the cubic 

resampling method is better than the bilinear resampling method in terms of the accuracy of the 

Landsat estimated WSEs. If the slope in the RIA-WSE rating curve is not very steep, and no dense 

vegetation cover in the predefined polygon, the resampled Landsat imagery could yield high 

accurate results. However, the Landsat imagery might have trouble to achieve a centimeter-level 

accuracy in the estimated WSEs as the WSE is at the range where the slope in the constructed RIA-

WSE rating curve is steep. Under these river stage conditions high resolution imagery is needed to 

accurately estimate WSEs. 

The results of this study demonstrate that in addition to the green band-based water indices, 

other three visible light bands (i.e., ultra-blue, blue, and red) in the Landsat 8-9 OLI imagery can also 

be used to compute water index. Although the green band-based water indices are commonly used 

in the literature, this study showed that the ultra-blue or red band-based AWEIs performed better in 

terms of the accuracy of the estimated WSEs from Landsat 8-9 OLI imagery.  
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