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Abstract Discharge measurements are essential for a range of hydrologic applications. In situ
observations, however, are seldom available. Whereas satellite remote sensing offers a fascinating
possibility of deriving discharge data for ungauged catchments, it comes with significant uncertainty and has
had limited adoption until recently. A satellite‐derived flood signal, referred to as the Measurement‐
Calibration (MC) ratio, is being increasingly used but suffers from significant uncertainty and inaccuracy,
partly because ground geomorphic attributes are ignored in its estimation. We present here an approach for
enhancing the MC ratio by accounting for local topography and its impact on flow creation within a
catchment. The Topographic Wetness Index is used for extracting the MC ratio from 179 hydrologic
reference stations across Australia representing different climates, watershed sizes, and elevations. Results
indicate clear improvements in flow estimates using the proposed method as compared to the options
currently in place.

1. Introduction

It is typical for hydrologic models to be calibrated using measured discharge at the basin outlet. While in situ
observations have been a common source for such discharge data, they are sparsely located in space and only
available for limited periods of time. Furthermore, there has been an increasing (and disturbing) tendency to
de‐commission streamflow gauges and reduce their spatial and temporal coverage across the world accord-
ing to the Global Runoff Data Centre database (Calmant & Seyler, 2006; Fekete & Vörösmarty, 2002;
GRDC/BfG, 2018), making modeling or design even more challenging than before.

As an alternative to in situ discharge data, a satellite‐derived flood signal, called Measurement‐Calibration
(MC) ratio, was initially developed by Brakenridge et al. (2007). The MC ratio is derived from the brightness
temperature ratio over wet measurement (M) and dry calibration (C) pixels through various space‐borne
passive microwave sensors, such as Tropical Rainfall Measuring Mission (TRMM) Microwave Imager
(TMI), Advanced Microwave Scanning Radiometer for Earth Observing System (AMSR‐E), Advanced
Microwave Scanning Radiometer 2 (AMSR2), and Global Precipitation Measurement (GPM) Microwave
Imager (GMI). It has been demonstrated that theMC ratio exhibits significant correlations with high discharge
values, and hence has been widely tested for use in ungauged basins. Its usage has ranged from calibrating
model parameters to estimating river discharge and also monitoring flood peaks and inundation (De
Groeve, 2010; Hou et al., 2018; Khan et al., 2012; Revilla‐Romero et al., 2015; Tarpanelli et al., 2013; Van
Dijk et al., 2016). In addition to this, Revilla‐Romero et al. (2014) comprehensively evaluated the product using
322 river measurement locations over the world, and identified dominant factors that influence performance
such as upstream area, river width, and vegetation, leading to guidelines on how it should be used in practice.

Despite the potential the MC ratio product exhibits for ungauged basins, there are still open questions as
to how one can better isolate discharge for the location of interest from the raw spatially distributed MC
ratio data that are collected. It is known that a better signal quality can be obtained when the measure-
ment grid cell is centered over a river reach without regulation by hydraulic structures. Such favorable
conditions are seldom recorded as the location where the measurement is needed rarely coincides with
the geographically fixed coarse‐scale measurement pixels in the raw MC ratio raster data (Robert
Brakenridge et al., 2012). To address this deficiency, Revilla‐Romero et al. (2014) proposed the use of spa-
tially averaged MC ratio values over the nearest grid cell to a measurement site of interest along with its
three nearest neighbors on the original grid. While this modification was noted to increase the accuracy
of the product, the resulting retrievals still exhibit considerable uncertainty, making them difficult for use
in operational settings.
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This study uses hydrological knowhow to propose a new method to adequately extract signals sensitive to
the basin discharge from the raw MC ratio. It is demonstrated that the proposed approach offers significant
improvements over the existing approach of taking the raw MC ratio at a station or an average of those over
neighboring grids around the point of interest.. For the proposed approach, we first argue that the best repre-
sentation of discharge across the spatial domain will coincide with the river network where flow accumula-
tion and inundation occur. Then, it is presumed that the pixels along the river network that exhibit the
greatest sensitivity to brightness temperature will be the ones exhibiting the highest water extent variations
compared to upper reaches of the stream network. Based on this hypothesis, a simple method was developed
in this study for enhancing the MC ratio using the well‐known Topographic Wetness Index (TWI; Beven &
Kirkby, 1979) as a qualitative indicator for the possibility of inundation over the terrain. The developed
method was evaluated across 179 stations distributed over Australia against corresponding ground discharge
measurements over a 5‐year study period from 1 January 2010 to 31 December 2014. These locations are free
from anthropogenic effects and represent a wide range of sizes, climates, and topographical attributes, allow-
ing a fair assessment of how the proposed method may perform elsewhere.

This rest of the paper is organized as follows. The study area and data used in this study are presented in
section 2. Details of the method are described in section 3, and then the evaluation results are shown and
discussed along with future research directions in section 4. Section 5 concludes this study with a summary
of the main findings reached.

2. Study and Data
2.1. Study Area

Hydrologic Reference Stations (HRS) represent a collection of high‐quality monitoring locations across
Australia that were identified to be free from any anthropogenic influences on resulting flows. The HRS net-
work spans from (10–45°S, 110–155°E), and currently consists of 222 high‐quality monitoring sites. For
inclusion into the network, each site has at least 30 years of high‐quality streamflow records with minimal
regulation, land use change, and other factors (e.g., dams and irrigation), representing all hydro‐climatic
regions across Australia (Turner et al., 2012).

In this study, only sites for which the watershed area is more than the 0.09° × 0.09° (approximately
9 km × 9 km near the equator) grid cell size of the MC ratio product were included. As a result, 179 stations
from the whole HRS network were used for evaluation purposes, and are distributed over three dominant
climate zones, tropical, arid, and temperate (Peel et al., 2007), as presented in Figure 1a. The areas of these
catchments range from 101 to 232,846 km2 and elevation, 284 to 1,351 m (above sea level), as shown in
Figures 1b and 1c, respectively (Ajami et al., 2017). Note that eight stations for which areas are bigger than
10,000 km2 were not included in Figure 1b for better visualization. The discharge data for the 179 HRS sta-
tions were obtained from the Australian Bureau of Meteorology (http://www.bom.gov.au/waterdata/).

2.2. Data
2.2.1. MC Ratio
The Global Flood Detection System provides 0.09° × 0.09° gridded daily maps of the MC ratio in near real‐
time. The MC ratio data are based on space‐borne passive microwave observations over dry and wet pixels
and are available from December 1997 onward by using several passive microwave sensors over their opera-
tional periods. The original methodology behind these maps was developed by Brakenridge et al. (2007) at
the Dartmouth Flood Observatory. Then, it was modified and is currently maintained by the European
Commission Joint Research Centre on an automated operational basis (Kugler & De Groeve, 2007). A sum-
mary of the method used is presented here with additional details available in Brakenridge et al. (2007) and
Kugler and De Groeve (2007).

The MC ratio is defined as the ratio of the brightness temperature at a frequency of 36.5 GHz (Ka band) and

the H‐polarization over a wet measurement pixel (TM
bH) with the 95th percentile value of brightness tempera-

ture measurements over 7 × 7 neighboring calibration pixels that are regarded as dry (TC
bH)). This is written as

MC ratio ¼ TM
bH=T

C
bH (1)

An increased water extent over a region generally causes a decrease in the numerator (TM
bH) in equation (1)
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due to the different thermal inertia and emission properties of land and water, and accordingly, the MC ratio
is reduced (De Groeve, 2010).

The MC ratio data sets are classified by the sensors used and the sampling periods adopted. Among the var-
ious sensor‐derived products, the merged 4‐day average product has no gaps by allowing temporal smooth-
ening and filtering, and is well correlated with discharge data and shows promise for calibrating distributed
hydrologic models compared to in situ discharge data (Revilla‐Romero et al., 2015). For this reason, the
merged 4‐day average product over the 5‐year study period was used in the results reported later.

It is worth noting that the MC ratio performs best at capturing high‐flow peaks but not low flows in terms of
the temporal correlation. Accordingly, the investigation reported here measures the optimality of extracted
signals using the Pearson correlation (R) between the discharge values greater than the second quantile (i.e.,
median) of the whole series and its correspondingMC ratio at each station. Lastly, inversed values of the raw

MC ratio data (i.e., TC
bH /T

M
bH ) were consistently used in this study for representing positive correlations

because the raw data are negatively correlated with flood extents.
2.2.2. TWI
Existing applications of the MC ratio do not use the hydrological knowhow developed over the past that has
allowed flow discharge to be related to topographically derived catchment indicators. In this study, the
Topographic Wetness Index (TWI; Beven & Kirkby, 1979) is used as a comprehensive measure of flow accu-
mulation, direction, and slope over the terrain. The TWI is a topographic index developed for representing
soil moisture distribution within the rainfall‐runoff model called TOPMODEL. TWI and TOPMODEL have
been widely used for hydrological, ecological environmental applications (Grabs et al., 2009; Kopecký &
Čížková, 2010; Pei et al., 2010; Pourali et al., 2016; Sørensen et al., 2006). Especially, TWI has been shown
to exhibit strong correlations with surface water extents (i.e., floodplains) and has also been used for detect-
ing flood‐prone areas (De Risi et al., 2018; Manfreda et al., 2011). TWI is defined as

TWI ¼ ln a=tan βð Þ (2)

where “a” is the upslope contributing area per unit contour length of a certain point through which water
drainage passes and tanβ is the local slope.

Given the potential TWI offers for locating coarse‐scale pixels with significant water surface extents, it was
used here as the basis for refining the MC ratio. Use of TWI here helps account for hydrologically relevant
topographic attributes as a quantitative indicator defining floodplains and mountainous areas. To provide
context to our choice of TWI here, it was found that the correlation between the time series of discharge
and MC ratio at the 179 stations varies monotonically with station TWI values, with the correlations being
greater when TWI is high. The statistically significant relationship between these two suggests that the TWI
at the pixel location modulates the quality of the MC ratio signal that is derived.

Figure 1. (a) Locations (red crosses), (b) area, and (c) elevation distributions for the 179 Hydrologic Reference Stations
used in this study. The background in (a) presents three dominant climate zones, tropical, arid, and temperate, as per
the updated Koppen‐Geiger climate classification (Peel et al., 2007).
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The TWI is usually derived from digital elevation models (DEMs). In this study, the 500‐m DEM product
derived from the 90‐m Shuttle Radar Topographic Mission (Jarvis et al., 2008) was used, and then the
method proposed byWang and Liu (2006) was applied to the DEM to fill surface depressions using a module
of the System for Automated Geoscientific Analyses–Geographic Information System (http://saga‐gis.org;
Conrad et al., 2015). The MATLAB‐based TopoToolbox (https://topotoolbox.wordpress.com/;
Schwanghart & Scherler, 2014) was used to calculate gradient (i.e., tanβ), flow direction by the steepest des-
cent method (O'Callaghan &Mark, 1984), and flow accumulation area (i.e., a) at each grid. Finally, the TWI
at 500‐m spatial resolution was resampled to the spatial resolution of the MC ratio product (0.09°) by
spatially averaging TWI values in each 0.09° grid cell for further assessment. In addition to this, 250‐m
and 1‐km DEM were also used for the extraction and results compared to assess the sensitivity of DEM
resolution to the flood magnitudes derived.

3. Method

Given spatially varying measurements of the MC ratio for a region, the aim of the proposed approach is to
extract optimal signals at a measurement point by identifying locations having the greatest correlation R
between the MC ratio and observed discharge time series. To identify these locations, two assumptions
are made. First, the local area is assumed to be impacted by similar climatological forcing as other locations,
and therefore exhibits similar temporal correlations against the climatological forcing. Second, the water
extent affecting the MC ratio is assumed to exhibit greater sensitively in floodplains than mountainous area
within the local boundary. Accordingly, the proposed method consists of two components, quantification of
proximity, and extraction of optimal signals using TWI as the indicator of lowness and flatness, which are
described as follows through subpanels in Figure 2.

3.1. Determination of Local Boundary for MC Ratio

The first step in the proposed method entails specifying a local domain within which optimal MC ratio sig-
nals can be identified. This domain was selected based on the spatial correlation within the MC ratio grid, as
depicted in Figures 2a and 2b. An exponential model was used to represent the “correlogram” or a distance‐
correlation relationship (Bohling, 2005). For this, spatial Pearson correlation coefficients (C) were first cal-
culated using all pairs of the MC ratio time series within an arbitrary boundary of 21 × 21–0.09° pixels as
a function of intercell distance (D), resulting in 97,020 pairs for each panel of interest. Then the correlation
estimates within 9‐km bins were arithmetically averaged by considering the 0.09° grid size, and the C‐D rela-
tionship fitted to the exponential model as

C Dð Þ ¼ e−D=r (3)

where r is a fitting parameter, called range, in the exponential model, allowing specification of a distance
beyond which the estimated correlation is close to zero. A histogram of the r estimates over the 179 HRSs
is presented in Figures 2a and 2b. Most of the HRSs have a range less than 60 km as shown in Figure 2a;
as a result, the local boundary for each HRS was determined as 13 × 13 0.09° pixels corresponding to a radius
of approximately 60 km (Figure 2b).

3.2. Extraction of MC Ratio Signal

Consider the example in Figures 2c–2g (see below for details of the three classes representing waterbody,
land, and waterside) for Happy Valley Creek at Rosewhite (ID: 403214). This panel has been chosen to illus-
trate the sensitivity of the proposed method to lakes (Figure 2d with the circle marked B representing Lake
Huma), TWI (scaled to lie between 0 and 1; Figure 2f), and the coefficient of variation (CV) of theMC ratio at
each pixel (Figure 2g). The CV at each pixel is calculated by dividing the standard deviation of the MC ratio
time series (S) with its mean (M; i.e., CV = S/M). The center of Figures 2d–2g is the discharge measurement
location (marked X). Figure 2e shows the correlation between the discharge (at X) and the MC ratio time
series at each pixel.

As presented in Figures 2c–2g, the following characteristics of MC ratio were generally identified across all
HRSs with relation to the local topography and its impact on the measured discharge values. First, most
importantly, the best MC ratio signal tends not to lie at the center where the discharge measuring station
exists (Figure 2e). Rather, much like the area marked “A” in Figure 2d, a good correlation appears on
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pixels at which the TWI is relatively high within the local boundary even though these pixels may lie out of
the catchment boundary (Figure 2f). Second, low correlation coefficients were generally noted over regions
with a highly fluctuating water extent represented by high CV values, which usually represent a waterside
(as described in section 2.2.1), or a local lake (marked “B” in Figure 2d).

Figure 2. (a) Histogram presenting the distribution of ranges over the 179 HRSs. (b) Determined local boundary consisting of 13 × 13 0.09° pixels over which an
HRS is centered. (c) Map representing the distribution of the three classes adopted in this study, waterbody, land, and waterside, along with an illustrative
study location, Happy Valley Creek at Rosewhite station (ID: 403214). (d) Satellite image, catchment boundary, with the area marked “A” showing highest cor-
relation between the MC ratio and the station discharge. Also note Lake Huma (marked “B”) representing a region with artificially high MC ratios that need
masking. (e) Correlation coefficients (R) between the station (marked “X”) discharge and the MC ratio, (f) the distribution of TWI values scaled 0 to 1, and (g) the
coefficients of variation of the MC ratio over all pixels. HRS = Hydrologic Reference Station; MC = Measurement‐Calibration.
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Given these observations, it is hypothesized that the optimal signal can be
extracted after removing unsuitable pixels represented by low TWIs and
high CVs to remove both mountainous and high fluctuation regions.
For this process, our proposed procedure for extracting MC ratio uses four
major steps as presented in Figure 3.

Steps 1 to 3 are implemented using the gray image thresholding method
originally developed by Otsu (1979) and modified by Xue and
Titterington (2011). This method allows robust identification of pixels
exceeding a defined threshold in gray images within which pixel‐level dis-
tributions are highly skewed or heavy‐tailed. A summary of the threshold-
ing method is presented below with more details for interested readers in
the two references cited earlier.

For an image consisting of N pixels where each pixel is represented by
gray levels (i.e., xi, i = 1, …, N, where xi represents a number between 0
and 255 with 255 representing the highest gray level possible), an
unknown gray threshold t divides the image into two segments C1(t)
and C2(t) such that

C1 tð Þ ¼ i : 0≤xi≤ t; 1≤ i≤Nf g; C2 tð Þ ¼ i : t<xi≤T; 1≤ i≤Nf g (4)

where T is the largest gray level (255 for an 8‐bit image), or, xi ∈ [0, T]). In
the context of the problem attempted here, a gray level could represent
TWI or the CV of the MC ratio. To estimate the optimal threshold to

*, a
histogram for the image, h(x), is constructed by dividing each gray level
frequency by N, such that∑T

x¼0h xð Þ ¼ 1. Otsu (1979) presented an objec-
tive function to find the optimal threshold to

* as

to
* ¼ arg min

t
w1 tð Þs21 tð Þ þ w2 tð Þs22 tð Þ� �

(5)

where w1(t) and w2(t) denote proportions of pixels representing the segments C1(t) and C2(t) separated by a
threshold t, and s1(t) and s2(t) are the sample standard deviations for the two segments of the image, which
are defined as

w1 tð Þ ¼ ∑t
x¼0h xð Þ; w2 tð Þ ¼ ∑T

x¼tþ1h xð Þ ¼ 1−w1 tð Þ (6)

s1 tð Þ ¼ ∑t
x¼0

h xð Þ
w1 tð Þ x−x1 tð Þð Þ2

� �
; s2 tð Þ ¼ ∑T

x¼tþ1
h xð Þ
w2 tð Þ x−x2 tð Þð Þ2

� �
(7)

where x1 tð Þ and x2 tð Þ are the sample mean values for C1(t) and C2(t), respectively.

For this, Xue and Titterington (2011) suggested using mean absolute deviations from the medians instead of
s1(t) and s2(t) to be more robust to skewed or heavy‐tailed distributions of C1(t) and C2(t). Namely,

go
* ¼ arg min

t
w1 tð ÞMAD1 tð Þ þ w2 tð ÞMAD2 tð Þf g (8)

where MAD1(t) and MAD2(t) are the mean absolute deviations from the medians (i.e., m1(t) and m2(t)) for
C1(t) and C2(t), respectively, and are calculated as

MAD1 tð Þ ¼ ∑t
x¼0

h xð Þ
w1 tð Þ x−m1 tð Þj j

� �
; MAD2 tð Þ ¼ ∑T

x¼tþ1
h xð Þ
w2 tð Þ x−m2 tð Þj j

� �
(9)

In this study, equation (8) has been consistently used for steps 1 to 3 in Figure 3. For step 1, grids on and
contiguous to open water bodies (e.g., the sea or lakes) were excluded from the analysis to avoid water
surface fluctuations effects. For this, the coefficients of variation (CV) of the MC ratio time series were first
calculated for all pixels and then the median‐based image thresholding method was applied for automati-
cally segmenting high CV pixels that are regarded as waterside in this study. Then, three lines of pixels

Figure 3. Flow chart for extracting MC ratio signal through sequential
image segmentation of TWI and CV within the local boundary.
MC = Measurement‐Calibration; TWI = Topographic Wetness Index;
CV = coefficient of variation.
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(approximately 25 km) along the waterbodies were additionally masked consistent with what has been com-
monly used for applications using coarse‐scale passive microwave‐derived land surface products (Kim, Liu,
et al., 2015; Kim, Parinussa, et al., 2015). Consequently, as depicted in Figure 2c, the study area was classified
into three classes, waterbody, land, and waterside, and then the classes of waterbody and waterside were
excluded from further analyses. In the same way, low‐TWI and high‐CV pixels were sequentially removed
through steps 2 and 3. Finally, in step 4, the mean TWI values for remaining pixels within the 3 × 3 neigh-
borhood area (Figure 2b) when equal to or larger than the mean for nonneighboring pixels, resulted in the
nonneighboring pixels being additionally removed from further consideration. This ensured that the assess-
ment was restricted to pixels that broadly represent the river network and not the mountainous areas where
possibly high MC ratio measurements would be spurious.

For the filtered pixels through steps 1 to 4, the arithmetically averaged MC ratio, for a n‐day period over
which the assessment is performed, can be expressed as

MCext ¼
∑i∈apMCi

P
(10)

whereMCext is the extractedMC ratio signal from the local boundary as a vector of size n× 1, ap is the partial
area over the local boundary which remains after the removal of unsuitable pixels, i is the spatial index for a
pixel over ap where the MC ratio (MCi) exists, and P is the total number of pixels considered.

4. Results and Discussion

Figure 4 illustrates the sequential procedure described in section 3.2 using the Happy Valley Creek at
Rosewhite station (ID: 403214) as an example. In this example, the proposed approach using a 500‐m
DEM is referred to as TWI500m. In addition, “Center” denotes the case where theMC ratio at the station loca-
tion is used, and “3NEI” denotes when a spatial average of MC ratio at the nearest grid cell to the station and
its three nearest neighbors as used as proposed by Revilla‐Romero et al. (2014) is used.

The raw pixels (Figure 4a) are sequentially filtered through steps 2 and 3 (Figures 4b and 4c). Then vectors of
MC ratio signals over the remaining pixels are arithmetically averaged by equation (10). An example of how
the proposed signal extractionmethod works is presented in Figure 4d, showing time series plots of observed
flows and extracted MC ratios during the 5‐year study period. While the proposed approach (TWI500 m) pre-
sents a moderate temporal correspondence with observations (R = 0.410), the 3NEI approach shows a weak
correlation (R = 0.088) for which observations clearly exhibit the seasonality present in the data.

The box plots showing overall R values from the various MC ratio extraction approaches for all 179 HRSs in
Figure 4e clearly show the improvement the proposed approach exhibits in relation to the alternatives
(Center and 3NEI) currently in use. Here while the Manual approach indicates the best MC ratio providing
the maximum R with observed discharge within the local boundary, it is not possible to use it without
ground discharge data. It should be noted that the Center and 3NEI alternatives provided almost identical
results and were significantly inferior to theManual case. This result confirms the need for a better approach
for estimatingMC ratio than what is currently in use. As Figure 4e illustrates, the proposed approaches using
the various sizes of DEMs show little sensitivity to resolution and show significantly better results than the
Center or 3NEI alternatives. In general, in case of TWI500 m, 144 out of 179 HRSs (80%) showed significantly
larger R values (0.292 ± 0.153) than those from the Center and 3NEI approaches (0.132 ± 0.160 and
0.130 ± 0.166, respectively). Only 35 stations (20%) presented smaller R values than the two existing
approaches. This degradation in performance generally appeared at locations where TWI distributions are
relatively platykurtic, and therefore, the median‐based image thresholding does not work properly by
removing pixels in the 3 × 3 neighborhood area. However, the degradations were not so significant as the
three sets of means for all such catchments were calculated as 0.306 ± 0.215, 0.351 ± 0.219, and
0.353 ± 0.236 for TWI500 m, Center, and 3NEI, respectively.

While this outcome has considerable promise for generalization in ungauged catchments worldwide, there
are a few research questions that need to be addressed to further refine the approach presented here. First,
TWI was the only topographic index considered in this study for identifying discharge‐sensitive locations
and filtering out insensitive areas. However, the sensitivity of the extracted MC ratio can be assessed
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using different indices such as Multi‐resolution Valley Bottom Flatness Index, plan curvature, or some
combination thereof, instead of resorting to TWI alone. In addition, potential errors in the calculation of
topographic indices using larger‐grid DEMs should be carefully considered (Quinn et al., 1995). Second,
identification of a MC ratio pixel outside the catchment domain implies the presence of storm systems
that impact high flows in neighboring catchments. This assumption may not be appropriate in certain
types of climates and needs to be assessed on a case‐by‐case basis. Third, extending the evaluation to
other regions under different conditions would be valuable to verify that the proposed method is
generically applicable and not specific to Australian conditions which offer unique differences (such as
little snow impact) than other parts of the world.

5. Conclusions

In this study, a simple approach has been proposed for automatically extracting signals sensitive to the basin
discharge from a passive microwave‐derived data, the MC ratio, using a topographic index, TWI as an indi-
cator defining floodplains, and mountainous area using coarse‐scale digital elevation data. As the MC ratio
performs well at capturing high discharges but not low values, it was assessed at each station using the
Pearson correlation between discharge greater than the median discharge with its corresponding MC ratio.

Figure 4. Illustration of MC ratio signal extraction algorithm for Happy Valley Creek at Rosewhite station (ID: 403214), where (a) shows raw pixels over the local
boundary; (b) shows remaining pixels after removing low TWI pixels (step 2); (c) shows remaining pixels after removing high coefficient of variation pixels (step 3);
(d) shows time series plots of observed flows (top panel), MC ratio signals extracted by 3NEI (bottom panel, blue line), and the proposed TWI‐based approach
using 500‐m digital elevation model (bottom panel, red line) approaches, respectively; and (e) shows a box plot presenting overall R values over the 179 Hydrologic
Reference Stations from alternate MC ratio extraction approaches considered, denoted Center, 3NEI, TWI (250 m, 500 m, and 1 km), and Manual,
respectively. Note that “Manual” here represents a manual search of the highest correlation MC ratio pixel, not possible unless discharge measurements are
available and the whisker length of the box plots corresponds to approximately ±2.7σ and 99.3% coverage if the data are normally distributed. TWI = Topographic
Wetness Index; MC = Measurement‐Calibration.
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The simplicity of the approach presented lies in using only the DEM‐derived TWI, under the assumption
that satellite readings will be more sensitive to changes in water extents in floodplains which have higher
TWI values. To account for this, the proposed method weights MC ratio retrievals in proportion to the
TWI values within a local boundary exhibiting similar climatology. Then, an arithmetic average of resulting
values is formed and considered as a proxy for the observed discharge values.

TWI has been used to extract the MC ratio from 179 Hydrologic Reference Stations (HRS) over Australia
representing various climatic conditions, watershed sizes, and elevations. The results here were directly
compared with existing methods that simply take the MC ratio at the gauging station and/or neighboring
pixels and provided a markedly improved representation of the observed discharge. Therefore, it is expected
that the proposedmethod can expand the applicability of theMC ratio data over ungauged basins (Kim et al.,
2018), creating new opportunities for hydrologic model specification (Tang et al., 2018) and design flood or
environmental flow estimation.
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