
remote sensing  

Article

Discharge Estimates for Ungauged Rivers Flowing
over Complex High-Mountainous Regions based
Solely on Remote Sensing-Derived Datasets

Mulugeta Genanu Kebede 1,2,3 , Lei Wang 1,2,* , Kun Yang 4, Deliang Chen 5 , Xiuping Li 1,
Tian Zeng 1 and Zhidan Hu 6

1 Key Laboratory of Tibetan Environment Changes and Land Surface Processes, Institute of Tibetan Plateau
Research, Chinese Academy of Sciences, and CAS Center for Excellence in Tibetan Plateau Earth Sciences,
Beijing 100101, China; mulugeta.genanu@itpcas.ac.cn (M.G.K.); lixiuping@itpcas.ac.cn (X.L.);
zengtian@itpcas.ac.cn (T.Z.)

2 University of Chinese Academy of Sciences, Beijing 100049, China
3 Arba Minch Water Technology Institute, Faculty of Meteorology and Hydrology, Arba Minch University,

P.O. Box 21, Arba Minch, Ethiopia
4 Department of Earth System Science, Tsinghua University, Beijing 100084, China; yangk@tsinghua.edu.cn
5 Regional Climate Group, Department of Earth Sciences, University of Gothenburg,

P.O. Box 460, S-405 30 Gothenburg, Sweden; deliang@gvc.gu.se
6 Information Center, Ministry of Water Resources, Beijing 100053, China; huzhidan@mwr.gov.cn
* Correspondence: wanglei@itpcas.ac.cn; Tel.: +86-10-8409-7107; Fax: +86-10-8409-7079

Received: 18 February 2020; Accepted: 24 March 2020; Published: 26 March 2020
����������
�������

Abstract: Reliable information about river discharge plays a key role in sustainably managing water
resources and better understanding of hydrological systems. Therefore, river discharge estimation
using remote sensing techniques is an ongoing research goal, especially in small, headwater catchments
which are mostly ungauged due to environmental or financial limitations. Here, a novel method
for river discharge estimation based entirely on remote sensing-derived parameters is presented.
The model inputs include average river width, estimated from Landsat imagery by using the modified
normalized difference water index (MNDWI) approach; average depth and velocity, based on
empirical equations with inputs from remote sensing; channel slope from a high resolution shuttle
radar topography mission digital elevation model (SRTM DEM); and channel roughness coefficient
via further analysis and classification of Landsat images with support of previously published values.
The discharge of the Lhasa River was then estimated based on these derived parameters and by
using either the Manning equation (Model 1) or Bjerklie equation (Model 2). In general, both of
the two models tend to overestimate discharge at moderate and high flows, and underestimate
discharge at low flows. The overall performances of both models at the Lhasa gauge were satisfactory:
comparisons with the observations yielded Nash–Sutcliffe efficiency coefficient (NSE) and R2 values
≥ 0.886. Both models also performed well at the upper gauge (Tanggya) of the Lhasa River (NSE
≥ 0.950) indicating the transferability of the methodology to river cross-sections with different
morphologies, thus demonstrating the potential to quantify streamflow entirely from remote sensing
data in poorly-gauged or ungauged rivers on the Tibetan Plateau.

Keywords: Landsat images; MNDWI; SRTM DEM; streamflow; Lhasa River basin; Ungauged rivers

1. Introduction

Water is a critical yet limited natural resource required for socioeconomic development and for all
life on the Earth. Rivers are the main components of natural water courses playing a crucial role in the
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water cycle. Rivers are also the main sources of surface water for irrigation-agriculture, hydropower
generation, drink water supply, transportation and recreation. Rivers also link atmospheric, lithospheric
and hydrospheric processes, and transport water contributed from various sources such as groundwater,
melt-water (snow and glacier), precipitation and agricultural water over the land to the ocean [1–3].

River discharge is a vital component of the hydrological cycle, while our understanding of its
spatiotemporal dynamics is surprisingly poor [1,4–7]. Accurate estimates of the available surface water
storage and its fluxes in this context are crucial for a variety of hydrological studies and applications
including water resources management, flood monitoring and drought monitoring under a changing
climate [8].

River discharge monitoring via traditional stream gauging networks is usually the most appropriate
method of estimating discharge, but is limited to point locations along the river in accessible and
developed reaches, making this method unsuitable for spatiotemporal monitoring of flow along
channels or on a large scale. Furthermore, the approach is costly and labor intensive; it is subject to
a rapid declining of stream gauging networks; it is unsuitable for covering remote and inaccessible
areas; it has an uneven global distribution; it cannot capture three-dimensional flow dynamics
including overbank flow, flood waves and multichannel flow; and data sharing policies of individual
countries with different socio-economic and political priorities pose challenges for current in-situ global
surface water monitoring systems [6,9–14]. However, while direct measurement of river discharge is
becoming more difficult, indirect approaches relying on surface hydraulic variables derived from earth
observation satellites are becoming feasible and useful [15–18]. River flow monitoring with satellite
remote sensing is an emerging discipline attractively increasing scientific interest [13,19–21]. In terms
of providing better spatial flow monitoring, this method is more appropriate than in-situ methods [6].

Apart from the various hydrological modeling approaches, there is another more recent indirect
methodology that uses Unmanned Aerial Vehicles (UAVs) to estimate water discharge by combining
water level and velocity [22–24]. Moreover, river discharge can be also estimated using satellite radar
altimetry of monitoring riverbeds [9,25], interferometric synthetic aperture radars (InSAR) [26,27], and
passive microwave radiometers [28]. However, the poor spatial-resolution of satellite-altimetry and
lack of the associated hydro-meteorological data for passive microwave sensors hinder the application
of these methods over small- to medium-sized river basins. Some studies have also used changes in
the spatial variation of water surface inundation area as an indicator for stage or discharge change,
by using visible or near-infrared bands of optical sensors or SAR imagery (but noting their respective
limitations) [29–34]. Remote sensing-based methods provide new opportunities to improve discharge
estimates at various spatial and temporal scales, especially in ungauged basins [15,17,32,35–39].
Many studies had clearly proved that remote sensing can be potentially used to monitor river
discharge [4,9,11,15,21,30,40–42]. Satellite data have also been used to calibrate hydrological models,
thus providing a new insight of discharge estimation over ungauged river basins [43–48].

The extraction of water surface area (WSA) from optical satellite images, using several water
indices calculated from two or more bands, has been widely used in the last few decades to identify
water and non-water areas [10,49–53]. The tasseled cap wetness (TCW) index [54], normalized
difference water index (NDWI) [55], modified normalized difference water index (MNDWI) [56] and
the automated water extraction index (AWEI) [57] are the most well-known water indices. Many
studies have investigated the performances of these indices for water body masking in various river
basins and found that the MNDWI outperformed the others [58,59], particularly for rivers flowing via
mountainous areas of the Tibetan Plateau (TP) [10]. The MNDWI has become widely accepted as the
more stable and reliable index because the short-wave infrared band used provides a more detailed
characterization of water surfaces compared to the near-infrared band used in the NDWI. On this basis,
we have used the MNDWI for change detection and monitoring of water body areas of the Lhasa River,
which is then used to compute the reach-average width.
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An accurate river discharge estimate can be achieved by deriving surface hydraulic variables (e.g.,
width, depth and slope) from high-resolution satellite images and then substituting these variables
into the Manning equation or other multivariate open-channel flow equations [11,15,60–62].

Based on the above discussion, we have proposed a methodology that can estimate river discharge
from surface hydraulic variables that are directly or indirectly derived entirely from high-resolution
satellite images. This method improves the accuracy of discharge estimates over poorly gauged rivers
flowing through upland mountainous regions of the TP.

The main aim of this study was to estimate river discharge solely from remotely sensed datasets,
to fill the existing gap in the stream-flow database for ungauged or sparsely-gauged river basins
(e.g., Lhasa River over the TP). In order to do this, the reach-average effective width were directly
estimated from 30 m resolution Landsat 5, 7 and 8 images while the channel’s slope from the SRTM
DEM. The average depth, velocity and channel roughness coefficient were estimated using empirical
equations. Finally, the estimated surface hydraulic variables were applied in the Manning and Bjerklie
et al. [15] open-channel flow equations to estimate the Lhasa River discharge. The two models’
performances were also evaluated using several statistical metrics.

2. Materials and Methods

2.1. Study Area

The Lhasa River basin (LRB) is found in the central and southern part of the Tibet Autonomous
Region of China along the northern ranges of Himalayas, at 29◦–31.3◦ N and 90◦–93.4◦ E (Figure 1).
The Lhasa River being the main tributaries of the Yarlung Zangbo River is 551 km long. Its altitude
ranges from 3570 m above sea level (a.s.l.) on the valleys to 7136 m a.s.l. in its headwaters,
where the mean altitude exceeds 3600 m and has an average channel gradient of 0.29 % [63,64].
According to Wu et al. [64], the impoundment and operation of Zhikong Dam (built in 2006 and located
few kilometers above the Tanggya gauge station) directly changed the hydrological regime of the
downstream braided sections of the Lhasa River and highly affects its morphology. The slope of
Lhasa River decreased from 0.26 to 0.10% along the channel from the upstream mountain ridges to
the downstream valleys. The average valley width ranges from 1.5 km to 3 km. The mean annual
suspended load and bed load are 0.720 and 0.151 million tons, respectively [64]. We considered an
area of about 26,225 km2 in the Lhasa River above Lhasa gauge. The majority of the basin’s annual
runoff (about 90%) is received in summer. The basin includes seasonal freezing ground, and 670 km2

of glaciers (2 % of the basin area) which contribute significantly to the total runoff, but mostly during
summer [65,66]. The mean annual discharge of the Lhasa River is 0.6 trillion m3 (nearly 1/8th of Yellow
River flow, China) [67], and is mostly sourced from groundwater, melt-water and precipitation [68].

All the surroundings of the LRB urban and rural areas community development activities are
based on water resources of the Lhasa River. There are studies conducted in the LRB but mostly
focused on climate change and extreme events monitoring [65,69], while a research approach based on
space borne datasets considering the basin’s in-situ data gap is still missing. Therefore, a study on the
analysis and quantification of River discharge for this kind of widely exploited River using satellite
technologies is timely to understand its dynamic change. Hence, by doing so, the present study aims
to address this gap and to lay a foundation for the basin’s water resources planning and management.
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Figure 1. (a) Study area location in the Tibetan Plateau region; (b) the elevation of the Lhasa River
basin (LRB) from the shuttle radar topography mission digital elevation model (SRTM DEM) with its
hydrological gauges.

2.2. Data

SRTM DEM and Landsat 5, 7 and 8 satellite imageries with 30 m spatial resolution were acquired
(https://earthexplorer.usgs.gov) and processed to estimate the channel slope and the reach-average
effective width during the study period (1988–2018), respectively. We had manually inspected the
quality of downloaded Landsat imageries, and those badly affected by cloud or snow were discarded
from our image processing and analysis. We also used visual interpretation of the Landsat images,
in combination with previous studies, to identify the channel morphological conditions needed to
assign the channel roughness coefficient.

Finally, observed discharge data at Lhasa gauge (1988–2018) and Tanggya gauge (1999–2018)
on the Lhasa River were collected from the China Ministry of Water Resources (MWR). These data
were used to validate the discharge estimated using the two models/equations. Generally, the Lhasa
gauge has longer and better in-situ measured time series discharge data than the Tanggya gauge.

https://earthexplorer.usgs.gov
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In fact, in our study particularly at Tanggya gauge site of Lhasa River, the number of Landsat images
analyzed from 1999–2013 are much lower than the years from 2014–2018. Since the observed flow data
at Tanggya gauge site are also limited and mainly available during the flooding season days, there
is a mismatch between the satellite overpass date and in-situ measurement date which forces us to
analyze the Landsat images only in those dates where in-situ discharge measurements are available.
Moreover, particularly during the years of 2000, 2003 and 2004, we had the in-situ gauge data only in
some limited monsoon flooding days and unfortunately we didn’t get Landsat images matching with
those in-situ measurement days to estimate Lhasa river discharge and due to this data gap we had
excluded it from our analysis of discharge estimation.

2.3. Methodology

In this section, the methodology employed to extract the input surface hydraulic parameters
required for the Model 1 and Model 2 discharge estimates are discussed in detail.

2.3.1. Estimating Water Surface Area (WSA) and Effective Width (W)

The resolution of the satellite images and heterogeneity of the land cover are essential considerations
when classifying and identifying different features, including water bodies. The MNDWI has been
tested and widely used during the last few decades to delineate surface water features, including
rivers, using remotely sensed images at various scales [10,49–52,56,70].

The accuracy of the MNDWI in distinguishing and delineating water features from other
non-water features (all negative values) is reasonably high when compared to the other water body
detection indices, particularly for rivers flowing over the TP mountainous regions [10,18,49,50,58,59].
The MNDWI can also be used to detect mixed pixels of small water bodies [50]. By using combined
bands and manually adjusting threshold values based on the spectral signature and proportions of
water and non-water features, the MNWDI can achieve a more accurate surface water retrieval [56].
The MNDWI is a more stable and reliable index than other indices to effectively distinguish water
pixels from the other background features since it uses the shortwave infrared (SWIR) band, which can
effectively represent the typical characteristics of water. The MNDWI can enhance and extract open
water pixels by effectively suppressing the background noise from mixed pixels leading to bimodal
(water and non-water) image histogram [71]. The spectral properties of water can be represented by
the distribution of MNDWI values that varies with location and season. Based on our analysis of
Landsat images over the LRB, MNDWI values range from −1.0 to 1.0. To overcome problems related
to the misclassification of mixed pixels, we manually adjusted the MNDWI threshold value for each
image processed over the study period in which its value ranges from −0.05 to 0.35 (the threshold
value was lower in the dry season and higher in the wet monsoon season). The optimum threshold
value was then chosen as 0.2 by trial and error. Terrain analysis via the SRTM DEM was used to avoid
commission error caused by mountain shadows. Hence, the MNDWI is used to extract the water body
by manually adjusting the optimum threshold values between water and non-water classes from the
bimodal histogram inter-class variance following Otsu [72] (Figure 2):

MNDWI =
RGreen −RMIR

RGreen + RMIR
(1)

where RGreen is the surface-reflectance of Band 2 for Landsat 5 and 7 images (Band 3 for Landsat
8 images) and RMIR is the surface-reflectance of Band 5 for Landsat 5 and 7 images (Band 6 for Landsat
8 images).

Several studies have shown that the in-bank river width can be successfully estimated using
remote sensing images [4,42,73,74]. Here, we used Arc Map to digitize the WSA using Landsat images
based on the MNDWI water body extraction approach in which the River width was calculated as the
ratio of WSA and its appropriate river reach length (L) (Equation (2)) by selecting relatively stable and
non-braided cross-sections to avoid errors in width measurements of braided river sections associated
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with contamination of mixed pixels [11,35]; this is the preferred method of measuring width for such
types of river cross sections [10,30,36].

W =
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Figure 2. (a) An illustrations of Landsat image analysis and classification acquired on 24 March 2003;
(b) on 18 August 2013, among the 363 cloud free Landsat images used in this study to extract the Lhasa
River water body via the modified normalized difference water index (MNDWI) approach and to
estimate the reach-average width (ratio of water surface area (WSA) to the reach length).

2.3.2. Estimating Channel Slope (S)

A viable channel slope estimation using the SRTM DEM can be derived by considering an
appropriate reach length [11,62,75]. Using this approach, we computed the Lhasa River slope from the
SRTM DEM by extending the reach lengths to a distance sufficient to accommodate height variations
and minimize the associated errors. Specifically, the altitude of the river’s centerline was obtained from
the SRTM DEM and hence the slope was estimated in meters per kilometer. In order to do this, a total
Lhasa River reach length of more than 250 km from upstream of the Zhikong dam to its downstream
end was considered, and the resulting mean gradient was 1.98 m km−1 (average channel slope of 0.002)
with a standard deviation of 3.67 m km−1.

2.3.3. Estimating Channel Roughness Coefficient (n)

The channel roughness or resistance is strongly affected by vegetation cover, river bank and
bed composition, obstruction, channel sinuosity (degree of meander) and channel irregularity [76].
Roughness can be estimated using several approaches based on visual interpretation and the assignment
of tabulated values of Chow [77]. Ground surveys, in particular for narrow channels [78], and the
use of empirical equations/formulas [79] are well-established methods. In this study, we used visual
interpretation by inspecting Landsat images along the LRB. The Lhasa River bed, specifically the 150 km
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downstream reach is composed of gravel [64]. Sichangi et al. [62] retrieved the roughness coefficient
from Landsat images when estimating discharge of the Yangtze River, China. Their methodology was
applied in the present study, but using the Lhasa River’s morphological characteristics. Classification of
Landsat images and band combination approach was used to identify the prevailing channel conditions
and other features, from which the required table values were derived as set out and discussed below.

Generally, the morphology of middle reach of Lhasa River is more stable than the lower reach [64].
The banks of Lhasa River around the Tanggya gauge station reach are stable, the channel is nearly
straight without sharp bends, the size and shape of the river cross-sections are not changing significantly,
and the degree of meandering (i.e., the ratio of the total length of the meandering channel in the
reach being considered to the straight length of the channel reach) is 1.05. While, the Lhasa gauge
station reach is not stable with changing crossing sections and higher meandering ratio of 1.33, and
this reach being located in the downstream end of Lhasa River has three tributaries transporting
sediments that can affect the channel roughness and also the dynamics of the river flow. According to
Chow [77], meanders can increase the n values by as much as 30 percent where flow is confined within
a stream channel.

The lookup table values to compute n based on the channel morphological conditions including
types of channel materials involved, degree of irregularity, variation of channel cross-section,
relative effect of obstruction, vegetation and degree of meandering can be found from previous
publications [18,62,77]. These channel morphological conditions can be also analyzed using satellite
imageries including Landsat and with an integration of published literatures [18,62]. Therefore,
we calculated n based on detailed classification and inspection of Landsat images around the gauging
sites following the approaches of Chow’s [77] channel roughness lookup table values via Equation (3).
Sichangi et al. [62] and Genanu et al. [18] had also used this method to successfully derive a reasonable
channel roughness values for different Global Rivers and the same approach was also applied here.
First, the basic channel condition (n0) is assigned a value of 0.025 [80]. Other factors, which are included
additively, are: a minor to moderate degree of irregularity (n1 = 0.006); occasionally alternating river
cross-section (n2 = 0.005); minor obstructions which affect the channel flow pattern (n3 = 0.006); low
vegetation (n4 = 0.004); and appreciable channel meandering with a ratio of 1.33 between channel
length and straight-line distance of a reach (n5 = 1.15). These factors were combined in Equation (3),
yielding n = 0.053 for the Lhasa River around the Lhasa gauging station. Similarly, the value of n at
Tanggya gauging station was estimated to be 0.043 as discussed in Genanu et al. [18]:

n = (n0 + n1 + n2 + n3 + n4)n5 (3)

2.3.4. Estimating River Depth and Velocity

Bjerklie [81] developed a general regression equation to estimate bank-full depth as a function
of observed width and slope, in the absence of direct depth measurements, but noted the very high
standard error. Various remote sensing methods have been developed and applied to estimate river
depth [82]. Water level or discharge can be monitored via satellite altimetry, mainly applied to wide
rivers (e.g., width > 800 m) over relatively longer periods (> 1 week) due to its low spatio-temporal
resolution [11,83]. Satellite altimetry based water level or discharge estimated errors in a narrow
high mountainous rivers are very high as compared to the wider rivers [10], and very few attempts
have been made to apply this technique to establish a database of small to medium-sized rivers and
lakes [83].

Likewise, there is lack of altimetry data to estimate water level or depth for small- to medium-size
rivers such as the Lhasa River. Therefore, we have estimated the depth of the river empirically as a
function of hydraulic variables derived from remote sensing datasets (Equation (4)). The method is
easy and effective for estimating average depths at the sub-reach scale.

The well-known Manning velocity equation [84] can be simplified and equated to the traditional
discharge formula (i.e., discharge equal to the product of mean cross-sectional flow width (W), depth
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(D) and velocity (V), Q = WDV), from which Sichangi et al. [62] derived a simple reach-average depth
estimate as follows:

D =

(
Vn

S
1
2

) 3
2

(4)

Due to a lack of either direct in-situ or indirect depth observations from satellite altimetry,
we estimated the reach-average depth of the Lhasa River as a function of average velocity, channel
roughness coefficient and slope as indicated by Equation (4) and velocity was estimated using
Equation (5).

Bjerklie et al. [35] derived a statistically-based discharge formula, from which Tourian et al. [85]
developed a model that can estimate average velocity (V) with reasonable accuracy as a function of
average river width and slope as shown in Equation (5).

V = 1.48W0.8 S0.6 (5)

2.3.5. Estimating River Discharge

Direct measurement of river discharge is very difficult; therefore, discharge is indirectly measured
using surface hydraulic flow parameters which are themselves derived from either in-situ measurements
or from remote sensing datasets via mathematical equations or calibrated relationships (rating curves).
River discharge estimates could potentially be achieved via remote sensing techniques, given accurate
estimates of the input surface hydraulic variables like depth, width, velocity, slope and channel
resistance [1,11,15,62,75,82] are available. A simplified hydraulic equation (Equation (6)) that can
estimate river discharge based on Manning’s velocity equation for relatively wide, open channel flow
(i.e., when the width/depth ratio is at least 10) has been applied in many rivers globally [10,11,75].
The width to depth ratio of the Lhasa River is consistent with this approach, so Equation (6) could be
used to estimate the discharge.

Q =
S

1
2

n
W D

5
3 (6)

Discharge estimates based on statistical multi-variate equations with reasonably computed input
parameters are showing great potential at present. Bjerklie et al. [15] derived a hydraulic formula
(Equation (7)) to compute discharge of a wide range of rivers and the same approach using remote
sensing derived parameters was also used here.

Q = 7.22W1.02 D1.74 S0.35 (7)

In summary, we extracted the slope from a 30 m resolution SRTM DEM, width from Landsat
images, used reasonable estimates of channel resistance coefficient, and estimated velocity and depth
using empirical equations. These values were substituted into Equation (6), herein after Model 1, and
into Equation (7), herein after Model 2, to estimate discharge of the Lhasa River reach around the Lhasa
gauge site (Figure 3). Finally, the performances of discharge estimates based on these two models were
compared and evaluated using several statistical metrics.

Generally, this study was applied in non-braided sections of the Lhasa River and all the
methodologies may not be directly used in another multithread braided rivers due to the dynamic
variability of the channel geometry and morphology, and it needs further validation over different
hydro-climatological channel environments. Optical images including Landsat are also contaminated
by cloud and vegetation cover along the river banks and this will result in misclassification of water
pixels affecting the river width estimation. Currently, there is also a tradeoff between spatial and
temporal resolution of satellites and due to these limitations Landsat satellite cannot continuously
monitor important hydrological events such as peak floods during the monsoon season.
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Figure 3. A flowchart showing how to derive the hydraulic parameters from remote sensing for river
discharge estimation using Equations (6) and (7).

2.3.6. Evaluation of Models Performance

The Lhasa River discharge estimates from the two models were evaluated based on the following
performance metrics.

Root Mean Square Error (RMSE) =

√∑(Qo −Qe)
2

k

 (8)

Relative Root Mean Square Error (RRMSE) =
RMSE

Qo
× 100% (9)

Nash–Sutcliffe Efficiency Coefficient (NSE) = 1−
(Qo −Qe)

2(
Qo −Qo

)2 (10)

Mean Bias Error (MBE) =
1
k

∑k

1
(Qe −Qo) (11)

Relative Error (RE) =

∑k
1 Qe −

∑k
1 Qo∑k

1 Qo
×100% (12)

where Qo is the observed discharge, Qe is the estimated discharge, Qo is the average observed discharge
and k is the total number of observations.
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3. Results

3.1. Water Surface Area (WSA) and Width

Satellite datasets provide frequent spatiotemporal coverage of many features on the Earth, and
allow, for example, surface water dynamics at various scales to be monitored. The WSA of the Lhasa
River reach around Lhasa gauge was mapped using the MNDWI approach from Landsat 5, 7 and
8 images acquired during the study period (1988–2018). The non-braided river reach was selected,
and then the reach-average effective width was computed as ratio of the WSA and the corresponding
reach length.

The number of available Landsat images during the high flow monsoon season is much lower
than that during the moderate and low flow seasons, resulting in denser sampling during the dry
periods. The results of time series plots of both WSA and width show that Landsat images have the
potential to capture seasonal variations in surface water (Figure 4). The estimated WSA and width were
higher during the wet flood season and lower during the dry season. The maximum and minimum
effective widths of the Lhasa River reach around Lhasa Gauge site for all Landsat images analyzed in
the study period were 198 m and 32 m, respectively (Figure 4).
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Figure 4. Time series of water surface area (WSA) and effective width derived from Landsat satellite
imageries at Lhasa gauging station from 1988 to 2018.

Generally, the WSA and effective width extracted from Landsat images around Lhasa gauge site
show a good positive linear relation as best fit of the scatter plot (Figure 5) and also some plot points
are seen deviating from the trend line due to the outliers. The high correlation (R2 = 0.765) between
these two parameters demonstrates their consistency and also, to some extent, that dynamic changes
in characteristics and trends depend on the hydrological wet and dry seasons. Higher values of both
WSA and effective width were attained during the summer monsoon seasons than during the winter
dry seasons. To minimize the errors associated with estimates of WSA and effective width, we selected
a non-braided reach with stable banks around the Lhasa gauge site.
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3.2. River Depth and Velocity

Reasonable estimates of river depth and velocity from remotely sensed hydraulic parameters
have been reported by many studies [10,11,35,62,81,83,85]. In the present study, due to the lack
of in-situ and remote-sensing datasets with which to derive either depth or velocity of the Lhasa
River reach around the Lhasa gauge location, we empirically estimated the reach average depth and
velocity. This approach yielded reasonable accuracy, and supplements estimates of river discharge in
ungauged or poorly-gauged river basins like Lhasa River basin. The time series of empirically-derived
reach-averaged depth and velocity, based on remote sensing datasets, demonstrate acceptable accuracy
in the estimates of both parameters. Generally, temporal patterns of both parameters follow the
hydrological wet and dry seasons (Figure 6). Increasing flow during the wet season results in rising
water level and faster velocity, and vice-versa. The long-term average depth and velocity of the Lhasa
river reach around the Lhasa gauge station were estimated as 1.44 m and 1.07 m/s, respectively.

The time series mean velocity was estimated from the reach-averaged width derived from Landsat
imageries, the mean slope derived SRTM DEM, and the average depth was estimated as a function of
velocity, slope and channel roughness in the corresponding empirical equations. The scatter plot clearly
shows the non-linear relationship of the average depth, velocity and effective width. The hydraulic
relationship between average depth, velocity and effective width shows a power function relationship
with strong correlation (R2 = 0.998), which can potentially be used to predict the unknown parameter
with reasonable accuracy if the others are known (Figure 7).
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Figure 7. (a) Scatterplots of average depth (estimated using Equation (4)) versus average velocity
(estimated using Equation (5)); (b) scatterplots of average depth versus effective width (estimated using
Equation (2)) at Lhasa gauging station during the study period 1988–2018. Both plots show strong
relationships between depth and average effective width or velocity, with two distinct curves for lower
values and moderate to high values.

The power function trend lines between depth and velocity, and between depth and effective
width, show two distinct relationships (one from low to moderate values and another one from
moderate to high values), with the trend lines breaking at 2.4 m and 1.6 m/s, or 2.4 m and 110 m,
respectively. The accuracy of our average depth estimate was evaluated though statistical correlation
with the observed stage data, yielding a strong linear relationship between the observed stage and
estimated average depth (R2 = 0.676) (Figure 8). Generally, as compared with the observed stage, the
estimated depth using Equation (4) shows underestimation trend except its overestimation during a
historical peak discharge event of 1706 m3 s−1 at Lhasa gauge recorded on September 1, 2018 in which,
the in-situ stage reading was 4.0 m while the estimated depth was 4.6 m (Figure 8).
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Figure 8. Observed stage and estimated average depth (using Equation (4)) at Lhasa gauging station.
The strong correlation demonstrates the accuracy of our average depth estimation methodology.

3.3. River Discharge

All the datasets required to estimate river discharge can be derived from space-borne platforms.
After deriving the input surface hydraulic parameters entirely from high-resolution satellite datasets,
we used Equation (6) (Model 1) and Equation (7) (Model 2) to estimate discharge of the Lhasa river in a
non-braided reach around the Lhasa gauge site. Results show reasonable accuracy, demonstrating the
potential of remote sensing-based discharge estimates to complement existing flow data and to fill gaps,
especially in poorly-gauged or ungauged basins. Model 1 discharge estimates were always lower than
Model 2 estimates (Figure 9) because Model 1 includes the channel resistance coefficient (indirectly
related to discharge, as evident in Equation (6)), whereas Model 2 does not include it. However, the
channel resistance coefficient was also used as an input in the calculation of river depth, which was a
parameter required to estimate river discharge in both models.

Temporal variations in discharge estimated via Model 1 and Model 2 match up with the observed
discharge, capturing the low and peak flows during the dry and wet seasons, respectively. In general,
Model 1 and Model 2 overestimate discharge during moderate and high flows but underestimate
discharge during low flows (Figure 9). Meanwhile, Model 2 discharge estimate was generally higher
than that of Model 1, especially during high flows. Generally, the tendencies to overestimate discharge
in Model 1 and Model 2 were slightly enhanced during the high flow seasons of discharge higher than
1000 m3 s−1. Perhaps, depth estimated based on roughness coefficient, channel slope and velocity (all
estimated values); river width extracted from Landsat images that has not been validated by observed
values; the assumption of temporally constant channel slope and especially roughness coefficient plays
an important role in overestimation of discharge. Moreover, errors in the discharge measurements,
and other controlling factors, are also additional sources of uncertainties in discharge estimates.
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Figure 9. A time series plot of observed and estimated (via Model 1 and Model 2) discharge at Lhasa
gauge over the study period of 1988–2018. Both models tend to overestimate discharge at moderate
and high flows and underestimate discharge at low flows, but in general both models consistently
capture the temporal changes.

3.4. Further Validation of the Methodology

Having obtained promising results for the Lhasa River as described above, and to further validate
the transferability of our methodology to different river morphologies, we applied this methodology
to the Tanggya gauge in the Lhasa River (located about 85 km upstream of the Lhasa gauge). We used
the same methodologies described in Section 2.3.1–Section 2.3.5 to derive the input surface hydraulic
variables for Model 1 and Model 2 discharge estimations, then we also followed the same approaches
mentioned in Section 2.3.6 to evaluate the two models performances. The time series plots of the
estimated model input parameters including width, depth and velocity at Tanggya gauge are also
presented (Figure 10) demonstrating the temporal variation of these parameters. We did not compare
the estimated width and velocity data with the corresponding in-situ measurements due to lack of
observed data, but for depth we had compared the estimated depth with an in-situ stage data (Figure 11).
Unlike the Lhasa gauge, Tanggya gauge has very limited in-situ discharge or stage observations,
requiring us to process and analyze only a limited number of Landsat images matching those days
with in-situ observations for validation of the two models. Analysis of all the Landsat images for the
study period (1999–2018) at Tanggya gauge showed the average effective width ranges from 50 m
in the dry season to 190 m in the wet monsoon season. Similarly, the average depth and velocity
during the dry season and wet monsoon season range from 0.66 m–3.25 m and 0.83 m s−1–2.40 m s−1,
respectively (Figure 10).

The estimated average depth and in-situ gauge stage data at Tanggya gauge shows a very strong
correlation (R2 = 0.992), providing strong support for the accuracy of our average depth estimation
methodology (Figure 11).

Both Model 1 and Model 2 discharge estimates at Tanggya gauge tended to underestimate
discharge at low flows and over-estimate discharge at high flows, consistent with the trend for Lhasa
gauge (Figure 12). However, in contrast to the Lhasa gauge, discharge estimated by Model 1 at Tanggya
gauge was slightly higher than that estimated by Model 2, because the river bank of the reach at Tanggya
gauge is relatively stable and the estimated channel roughness coefficient at this gauge (n = 0.043) was
lower than that of the Lhasa gauge reach. Evaluation of the Model 1 and Model 2 discharge estimates
by comparison with in-situ discharge data (1999–2018) generally showed strong correlation, with
NSEs of 0.97 and 0.95, RRMSEs of 16.5 % and 23.8 %, MBEs of −25.9 m3 s−1 and −59.7 m3 s−1, RMSEs
of 48.8 m3 s−1 and 70.3 m3 s−1 and REs of −8.8% and −20.2% for Model 1 and Model 2, respectively.
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Therefore, the additional validation of Model 1 and Model 2 at Tanggya gauge on the Lhasa River
is consistent with the promising results presented for the Lhasa gauge and further supports the
transferability of the proposed methodology to rivers with different morphological characteristics.
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Model 2) discharge at Tanggya gauge for further validation of the methodology over the study
period of 1999–2018.The discharge estimation using Model 1 and Model 2 had nicely captured the
observed flow pattern consistently indicating the possible applicability of the methodology in different
channel morphologies.

4. Discussions

The potential of river discharge estimation entirely from remotely sensed hydraulic variables is
clearly verified in this study and the applicability of the methodology for ungauged and poorly gauged
basins with different channel morphological settings is also promising. By combining and equating
all the input parameters derived from satellite datasets via rigorous analysis and computations, i.e.,
W estimated using Equation (2), n using Equation (3), D using Equation (4), V using Equation (5)
and S from SRTM DEM, the Lhasa River discharge was estimated using Equation (6) or Model 1
and Equation (7) or Model 2 and finally the models performance was evaluated via various metrics
yielding in a good agreement with the gauge’s discharge observation (Figures 9 and 12). The effective
width of Lhasa River was extracted from Landsat imageries with a 30 m spatial resolution via MNDWI
approach and currently, there is always a tradeoff between satellite sensors spatial and temporal
resolutions. Landsat’s temporal resolution (16 days) has a short come to continously monitor important
hydrological events such as peak floods and also it is contaminated by cloud cover. Therefore,
an integrative utilization of multiple satellite products with better spatial and temporal resolution
such as CubeSat, Sentinel, the upcoming Surface Water and Ocean Topography (SWOT) and others by
accounting the size of the targeted water body can greatly help to tackle this problem. Additionally,
the utilization of panchromatic bands can also improve results as they have very high signal compared
to multispectral bands.

River discharge estimated from multiple hydraulic parameters (width, depth and slope) is
considered to achieve higher accuracy than using a single parameter [10,11,15], as supported by our
results. Our approach is unique in deriving average depth and velocity from simplified empirical
equations, yet with reasonable accuracy; these parameters can then be used to estimate river discharge,
especially in poorly gauged and ungauged basins.

Discharge estimated using Model 1 and Model 2 at Lhasa gauge show very strong correlation
with the observed discharge (1988–2018), yielding NSE values of 0.956 and 0.886, RRMSEs of 25.7%
and 41.4%, MBEs of −7.5 m3 s−1 and 9.5 m3 s−1, RMSEs of 46.2 m3 s−1 and 74.5 m3 s−1 and REs of
−4.2% and 5.3%, respectively. These results demonstrate the reasonable accuracy and great potential of
reliably estimating river discharge entirely from remote sensing-derived surface hydraulic parameters,
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with either Model 1 or Model 2. This is encouraging given the lack of observed flow data in remote and
inaccessible river basins. The errors in Model 1 and Model 2 discharge estimates are largely associated
with the uncertainties in model input parameters estimates (including river width, depth, slope and
channel resistance coefficient). Errors in the discharge measurements, and other controlling factors, are
also additional sources of uncertainties in discharge estimates [86–90]. In general, the uncertainties in
the two models tested here are within the ranges reported in other studies.

Although the Model 1 and Model 2 discharge estimates achieve varying accuracy in different
rivers [91], both models performed well in rivers with discharge less than 20,000 m3 s−1, in which they
showed strong correlation with relatively high NSE and R2 values [11,92]. Evaluation of Model 1 for the
Yangtze River at two virtual stations yielded NSEs of 0.50 and 0.76, and RRMSEs of 26.34 and 34.63% [62].
According to Sichangi et al. [11], the NSE and RRMSE were in the ranges 0.88–0.98 and 4.24%–12.9%
(Model 1), and −0.64–0.86 and 12.6%–47.4% (Model 2), respectively, for different global rivers. Abolfazl
Mohammadnejad [93] reported NSE and RRMSE values for different reaches of the Niger River and Po
River in the ranges 0.77–0.95 and 17.0%–38.0%, and 0.39–0.60 and 28.0%–37.0%, respectively (Model 1),
and 0.88–0.93 and 22.0%–27.0%, and 0.48–0.58 and 28.0%–32.0% (Model 2), respectively.

Moreover, the transferability of the proposed methodology was also tested in another section
of Lhasa River (i.e., at Tanggya gauge, which is located about 85 km far from the Lhasa gauge
site in the upstream direction) with different channel morphological characteristics and the results
of the two models discharge estimation were also reliable and promising with reasonable accuracy
indicating the potential capability of the methodology to estimate river discharge with input parameters
entirely derived from remote sensing datasets which can potentially complement the current gaps and
challenges of streamflow data especially over poorly gauged and ungauged basins.

5. Conclusions

Satellite remote sensing and space-based technologies provide the most effective means to monitor
dynamic changes in surface water resources, including river discharge, by continuously observing
the spatiotemporal changes in multiple surface hydraulic parameters at a range of scales. In this
study, a discharge estimation methodology based entirely on remote sensing-derived surface hydraulic
parameters (including Surface Water and Ocean Topography (SWOT) observable quantities of width,
depth and slope) were evaluated in a non-braided segment of Lhasa River around the Lhasa gauge
site. The effective width was extracted from Landsat 5, 7 and 8 imageries covering the study period
from 1988–2018, using the MNDWI approach after adjusting the threshold values to distinguish
between water and non-water features. The channel resistance coefficient was assigned following
Chow [77] and by visually inspecting and analyzing the Landsat images. The slope of the Lhasa
River was estimated from a 30 m resolution SRTM DEM by considering an appropriate reach length.
Average depth and velocity were then estimated using simplified empirical equations. Finally, river
discharge was estimated using Model 1 and Model 2 by combining all the remotely sensed surface
hydraulic parameters.

In spite of a lack of both observed cross sectional and satellite altimetry depth, the method
developed in this study is notable in its success at estimating river depth with reasonable accuracy.
This approach uses simplified empirical equations which include velocity, slope and roughness
coefficient, based on Manning’s equation and the general open-channel flow equations. We have also
shown that the time series average velocity estimated from an empirical equation can be potentially
used to estimate river discharge with reasonable accuracy. The estimated time series average width,
depth and velocity of Lasa River at the Lhasa gauge site were 71.2 m, 1.44 m and 1.07 m s−1, respectively.
The discharge of the Lhasa River estimated by Model 1 and Model 2 generally corresponded very closely
with the observed discharge at the Lhasa gauge site over the study period 1988–2018, in particular
capturing the temporal changes between hydrological dry and wet seasons.

Both models showed a general tendency to overestimate discharge in moderate and high flows
and to underestimate discharge in low flows. Model 2 discharge was always higher than that of Model
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1, especially during high flows (discharge > 1000 m3 s−1), it is to some extent magnified. Model 2 also
minimizes the variance related with the channel roughness coefficient in its parametrization. The errors
in Model 1 and Model 2 discharge estimates are largely associated with the uncertainties in model
input parameters estimates (including river width, depth, slope and channel roughness coefficient).
Errors in the discharge measurements, and other controlling factors, are also additional sources of
uncertainties in discharge estimates. The overall performances of both Model 1 and Model 2 during
the study period (1988–2018) were evaluated using different statistical metrics, yielding NSEs of 0.956
and 0.886, RRMSEs of 25.7 % and 41.4 %, MBEs of −7.5 m3 s−1 and 9.5 m3 s−1, RMSEs of 46.2 m3 s−1

and 74.5 m3 s−1 and REs of −4.2% and 5.3% for Model 1 and Model 2, respectively. In general, river
discharge estimated using Model 1 and Model 2 entirely from remote sensing-derived datasets for
the Lhasa River, where it flows through a high mountainous region of the TP, was in close agreement
with observed discharge, especially for low to moderate flows. Both models tended to overestimate
discharge at high flows. This method presents a novel approach to estimating river discharge, without
relying on observed hydraulic parameters, and could play a key role in river discharge estimates
and understanding the hydrological processes: especially in poorly-gauged and ungauged basins.
We further validated the transferability and performance of the methodology by estimating discharge
in another reach of the Lhasa River, with different channel morphology, at Tanggya gauge (located
about 85 km upstream of Lhasa gauge); in this case, both Model 1 and Model 2 showed similarly good
performances with NSE values ≥ 0.950.
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