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Abstract Accurate and reliable methods to measure water depth are essential for informed river research
and management. Remote sensing presents a powerful tool for efficient characterization of fluvial systems, 
but more research is needed into the applicability of bathymetric mapping in a range of conditions and envi-
ronments. This study assessed the utility of mapping water depth from satellite imagery in a large, seasonally 
turbid river. Steps included analysis of relationships between image properties and water depth, assessment 
of the effects of image pre-processing, and comparison of two methods for calibrating image values to depths. 
It was determined that spectral depth mapping is applicable in the system, with a depth signal described by 
the ratio of green to red wavelengths. Pre-processing steps including the automated removal of shadows and 
water surface reflections and the application of a median filter improved the quality of depth calibrations, and 
calibration methods gave similar results with errors of 25% of reach average depth. The resulting depth maps 
reliably captured the overall hydromorphic forms and distribution of habitat features, although results were 
less reliable in deep areas (> 2 m) due to the saturation of the depth signal. Overall, satellite depth mapping can 
be an appropriate tool for repeat, broad-scale, long-term large rivermonitoring in general, and could potentially 
improve flood inundation models based primarily on subareal LiDAR surveys. 

Non-technical summary Mapping patterns of water depth is an important part of river monitoring
and management, with implications for aquatichabitat studiesand flood riskpredictions. On large rivers, meth-
ods are needed that can reliably characterize depth over broad extents with limited additional fieldwork (which 
can be costly, inefficient, or hazardous to workers). This study tested whether satellite images can be used to 
measure depth, working from the basic idea that water in shallow areas has different colours than water in deep 
areas. Two methods of creating a depth map from imagery were tested, along with several steps to clean up 
the satellite image and create clearer maps. It was found that both methods provided high quality depth pre-
dictions, and that image cleaning steps improved the final results. Although results were less reliable in deeper 
areas, the overall approach can be useful for long-term river studies and can provide high quality depth maps 
that complement other ways of measuring river forms. 

1 Introduction 
Measuring river water depth is crucial to support the 
study of spatial and temporal patterns of aquatic habi-
tat, flood inundation mapping of communities and 
transportation corridors adjacent to streams, and long-
term monitoring of river dynamics in the face of chang-
ing climate, land use, and other external stressors. Most 
instream hydrometric and physical data are collected 
using field sampling methods such as total station or 
GPS surveys and point- or transect-based depth and ve-
locity measurements. These methods can be time con-
suming and hazardous to workers, and may potentially 
miss heterogeneity at scales that are important to river 
ecosystems (Poff and Ward, 1990; Ward, 1998; Fausch 
et al., 2002; Carbonneau and Piégay, 2012). To support 
river science and management, techniques that are ef-



ficient, accurate, repeatable, objective, high resolution, 
and spatially continuous are needed to measure three-
dimensional physical structure and hydraulic distribu-
tions (Vaughan et al., 2009; Poole, 2010; Woodget et al., 
2015). 

In recent decades, remote sensing has emerged as a 
valuable method for measuring river hydromorphology 
and habitats (Lyon and Hutchinson, 1995; Fonstad and 
Marcus, 2010; Lane et al., 2010; Carbonneau and Pié-
gay, 2012). In bathymetric applications, progress has 
been made in approaches based on through-water pho-
togrammetry (Fryer, 1983; Lane, 2000; Westaway et al., 
2001; Butler et al., 2002; Javernick et al., 2014; Dietrich, 
2017), spectral depth techniques that rely on relation-
ships between water depth and colour properties of im-
agery (Winterbottom and Gilvear, 1997; Legleiter et al., 
2004; Feurer et al., 2008), physically based models in-
corporating hydraulic principles into depth estimation 
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(Fonstad and Marcus, 2005; Legleiter, 2015), and ac-
tive sensing methods including terrestrial and airborne 
laser scanning (Kinzel et al., 2007; Hilldale and Raff, 
2008; McKean et al., 2009) or ground penetrating radar 
(Costa et al., 2000). 

In particular, spectral depth methods have been de-
veloped for river depth quantification. These methods 
are based on the differential attenuation of different 
wavelengths of light as they propagate through water: 
the absorption coefficient of clear water increases by 
an order of magnitude as wavelength increases across 
the spectrum from blue to near infrared. Spectral depth 
methods leverage this phenomenon by relating a ra-
tio of two spectral bands in an image with geolocated 
flow depth data acquired in the field to create a corre-
lation between image values and depth. Because radi-
ance leaving the water column depends primarily on 
depth and riverbed albedo, and the reflectances of dif-
ferent substrates typically only vary by a few percent, a 
ratio of band values varies with depth while remaining 
relatively insensitive to bottom composition (Legleiter 
et al., 2009; Legleiter and Fonstad, 2012). The modeled 
empirical relationship can then be used to create a con-
tinuous map of depth from the image. Spectral depth 
methods have been shown to be accurate in appropri-
ate conditions, with mean errors in the 10 cm range 
(Lejot et al., 2007; Tamminga et al., 2015; Woodget et al., 
2015). Such approaches are also valuable because they 
can take advantage of widely available, frequently col-
lected passive optical imagery (Bevington et al., 2018). 
Advances in the use of multi- and hyperspectral aerial 
and satellite imagery have also facilitated wider appli-
cation and better understanding of the detailed spec-
tral characteristics of water column optical properties 
(Philpot, 1989; Marcus et al., 2003; Legleiter et al., 2015). 

However, relationships between spectral information 
and water depth are most applicable in shallow, clear 
water systems (Marcus et al., 2003; Legleiter et al., 
2004), and factors such water surface roughness, turbid-
ity, substrate variability, and shadows from riverbank 
vegetation can complicate depth estimation (Gilvear 
et al., 2007; Kay et al., 2009; Overstreet and Legleiter, 
2016). The majority of studies to date have focused on 
method development and evaluation under ideal wa-
ter clarity and shallow depths, although examples ex-
ist that investigate deeper applications (Kumar et al., 
1997; Hugue et al., 2016; Legleiter and Fosness, 2019) 
and more turbid conditions (Lafon et al., 2002; Legleiter 
et al., 2011). To ensure that optical spectral depth map-
ping can be used with broad confidence in river re-
search and management, continued detailed quantita-
tive testing of applicability and accuracy in a wide range 
of conditions is needed (Shintani and Fonstad, 2017), 
along with consideration of the technology’s potential 
contributions to link hydrogeomorphology and aquatic 
ecology in a riverscape management context (Vaughan 
et al., 2009; Poole, 2010; Carbonneau and Piégay, 2012). 
This research contribution aims to evaluate the utility of 
multispectral satellite imagery for depth mapping and 
aquatic habitat assessment on a large, seasonally turbid 
river by addressing three specific questions: 

1. To what extent is spectrally based depth mapping 
applicable in Peace River? 

2. How do image pre-processing steps and different 
methods of calibrating image values to measured 
depths affect results? 

3. What are the limits of depth estimation under lim-
ited water clarity conditions? 

2 Methods 
The workflow followed for this analysis is summarized 
in Figure 1, detailed in the subsequent subsections. All 
analysis steps were performed with R (R Core Team, 
2024) and QGIS (QGIS Development Team, 2024). 

2.1 Site description 
The study site used in this research was a 3.6 km reach 
of Peace River near the town of Fort St. John, British 
Columbia, Canada (Figure 2). Peace River is a north-
ward flowing boreal river that drains 293,000 km2 of 
western Canada as part of the Mackenzie River water-
shed. In the study region, the river is entrenched into 
the Alberta Plateau, an area of high plains underlain by 
weakly lithified, Cretaceous-age shale and sandstones 
(Church, 2015). Based on morphology, the river can be 
classified as a large river, where fluvial processes and 
geologic constraints dominate channel form, bed struc-
ture is primarily pool riffle sequences with the pres-
ence of major bar forms, and a floodplain is present 
in non-constrained sections (Church, 1992); typical wa-
ter depth and turbidity at the study site are at the up-
per range of conditions where satellite depth mapping 
has been applied (Legleiter et al., 2018; Legleiter and 
Fosness, 2019). Although the river originally exhibited 
a nival regime with a peak flow influenced by precip-
itation in early summer, flow is now regulated by the 
British Columbia Hydro and Power Authority (BC Hy-
dro) through the upstream W.A.C Bennett (1967) and 
Peace Canyon (1980) dams. Flow regulation has re-
sulted in a seasonal flow regime based on energy de-
mand in western North America. Flows are gener-
ally higher in the winter throughout much of the up-
per river, although tributary inflows result in the re-
establishment of a weak spring freshet near the study 
reach (Church, 2015). At the Water Survey of Canada 
station downstream of the study reach (Taylor, WSC 
No. 07FD002), the regulated mean annual flow for the 
period of 1973–2010 was 1456 m3 s−1 and mean annual 
flood was 2837 m3 s−1 . Bed sediment in the reach is 
dominantly gravel (D50 = 43–67 mm, D90 = 93–139 mm), 
and bed slope ranges from 0.047% to 0.062%. 
The study reach is of interest because it is down-

stream of the construction of a large hydroelectric fa-
cility, the Site C Clean Energy Project. In support of 
this project, BC Hydro is carrying out an extensive, 
multi-decade Fisheries and Aquatic Habitat Monitoring 
Plan aimed at assessing and mitigating effects on asso-
ciated fluvial ecosystems (BC Hydro, 2015). As part of 
this plan, indicator species including Bull Trout, Koka-
nee, Mountain Whitefish, Goldeye, and Walleye are 
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Figure 1 Flowchart of steps applied in this analysis, including relevant data pieces and operations for field data handling, satellite image processing, and 
two depth calibration methods 

. 

monitored along with aspects of habitat and ecosys-
tem status. Within the study reach itself, several fish 
habitat mitigation/offset projects have also been con-
structed or are in progress, consisting of large-scale (10s 
of hectares) enhancement efforts to increase habitat 
that remains functional throughout the range of regu-
lated flows, in both mainstem and side channel river ar-
eas. Repeatable and reliable methods for characterizing 
channel structure and habitat dynamics are therefore 
of extra importance to support informed monitoring 
and management of instream environments and con-
structed habitat features over a long time period and un-

der changing flow regulation regimes. 

2.2 Satellite imagery 

The satellite imagery used as the basis for bathymet-
ric mapping was acquired by WorldView-2 (WV2). This 
multispectral imaging system collects eight spectral 
bands (2 m pixels) spanning the visible and near in-
frared (NIR) spectrum: coastal (401–453 nm), blue 
(447–508 nm), green (511–581 nm), yellow (588–627 nm), 
red (629–689 nm), red edge (704–744 nm), NIR1 (772–890 
nm), and NIR2 (862–954 nm). A higher resolution 
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Figure 2 Peace River study reach, with full analysis extent denoted by solid black rectangle and detailed example close-up section (used in some later 
figures) denoted by dotted black rectangle. Flow is from left to right; background image is true colour RGB composite from WorldView-2. Also pictured are 
the study site location in western Canada and a low-level oblique photo of the site for context. 

panchromatic band (0.5 m pixels) is also collected. The 
sun-synchronous satellite sensor has been operational 
since 2010 and provides frequent revisit time (1.1–3.7 
days), a 16.4 km imaging swath, and a dynamic range 
of 11 bits per pixel. The Peace River imagery used in 
this study was captured September 19, 2018 at 10:30am 
and deliverables included 2 m orthorectified eight band 
spectral radiance data with no dynamic range adjust-
ment (Figure 2). This date corresponded to a prolonged 
period of seasonally low flow and low turbidity on the 
river (422 m3 s−1 and 8.5 NTU, respectively). 

2.3 Bathymetric survey 

The field-measured depth dataset was collected on Oc-
tober 30, 2018. The survey consisted of two methods: 
GPS total station surveys with a Trimble R10 real-time 
kinematic GPS (Trimble Inc., Sunnyvale CA) system 
to measure bed and water surface elevations in shal-
low areas that could safely be accessed by wading (up 
to approximately 0.6 m), and a SonTek RiverSurveyor 
M9 dual-beam acoustic doppler current profiler (ADCP) 
system (SonTek/Xylem Inc., San Diego, CA) to perform 
depth surveys in deeper areas. Depth measurements 
were conducted at eight cross sections spaced along 
the 4 km reach as well as in a dense survey consisting 
of streamwise profiles spaced 25 m across the channel 
along a 700 m section (Figure 3). Because the field sur-
vey was conducted at a higher discharge than when the 
satellite image was captured, depths were adjusted by a 
constant offset based on a stage difference between the 
two datesbased on nearbyWater Survey of Canada water 

surface elevation readings. Although this asynchronous 
data collection can introduce uncertainty into the pro-
cess, this type of post-hoc analysis represents a com-
mon situation where this approach might be applied in 
practice, and the application of a constant offset is rea-
sonable in the low gradient study reach with a relatively 
flat water surface profile. Points were then converted 
to pixel-scale median values to match the spatial reso-
lution of the satellite image (Legleiter and Overstreet, 
2012). This reduced-density survey of 5007 values had a 
mean and standard deviation of 1 m ± 0.68 and a max-
imum of 4.72 m. Depth points were then divided into a 
training subset drawn from half of the points from the 
eight cross sections (n = 678), and a test subset compris-
ing the other half of the cross section points and the en-
tirety of the dense longitudinal survey (n = 4329). The 
dense survey was not included in the training subset be-
cause it does not represent an unbiased sample of chan-
nel depth distribution, but it was retained in the test 
subset for model evaluation. 

2.4 Water index and censoring 
An advantage of multispectral imagery is the utility of 
NIR bands for the discrimination of wetted areas. To 
create a water mask, the normalized difference water 
index was calculated as NDWI = (green - NIR2) / (green 
+ NIR2) (McFeeters, 2013). This index was highly ef-
fective at finding wetted pixels (defined as NDWI > 0.3 
throughout the image. To refine the water mask to the 
main wetted channel only, a cell cluster calculation us-
ing the ‘clump’ function from R ‘raster’ package (Hij-
mans, 2023) was used to identify spatially separate con-
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Figure 3 Field-measured depth points from October 30, 2018 survey, including cross sections and more intensive survey at a habitat enhancement site. 
Cross sections used as examples to show results are labeled. Background is grayscale version of the NIR2 WV2 band. 

tiguous groups of raster cells. The cell cluster with the 
largest size represented the main wetted channel and 
was retained as the water mask; smaller clusters were 
isolated floodplain pools or unconnected side-channels 
that were not relevant to the analysis and were dis-
carded. This raw water mask identified the entire wet-
ted area of the main channel, which can be useful for 
applications requiring assessment of factors such as to-
tal wetted width and channel pattern. However, for 
spectrally based depth mapping, complications such as 
aerated surface water, sunglint, and shadows behind 
submerged large sediment clasts or under bank vegeta-
tion can compromise the approach within wetted areas 
(Gilvear et al., 2004; Visser et al., 2015). To ensure the 
depth/DN (digital number) relationship was only calcu-
lated for unobstructed areas where the radiance signal 
is dominantly controlled by reflectance from the bed 
and the water column, two image censoring operations 
were applied. A threshold on the NIR2 band was used to 
remove aerated water surfaces, reflections, and mixed 
wet/dry pixels at the water’s edge, taking advantage of 
the fact that this range of wavelengths is strongly ab-
sorbed by pure water (Hochberg et al., 2003a; Hedley 
et al., 2005; Overstreet and Legleiter, 2016). A thresh-
old of NIR2 > 8 W m-2 sr-1 m-1 was used to identify and 
remove these anomalous reflections within the overall 
wetted mask. Similarly, a simple single-band threshold 
of red < 45 W m-2 sr-1 m-1 within the channel identified 
dark areas caused by shadows. Removing both shadows 
and bright reflections from the full NDWI-identified wa-
ter mask resulted in a censored water mask where depth 
calibration is appropriate. 

2.5 Band ratios 
Spectral depth bathymetry methods are based on find-
ing an appropriate pair of wavelengths to create a ratio 
that is related to water depth. Typically, the natural log-
arithm of this ratio is taken to account for the exponen-
tial attenuation of light by the water column (Legleiter 
et al., 2004). Accompanying field-measured datasets al-
low for empirical investigation into which image spec-
tra are most strongly related to depth. To determine 
which ratio of spectral bands contained the most depth 
information in the Peace River image, each ratio com-
bination of the eight bands was calculated and the cor-
relation between ratio value for each pixel and associ-
ated measured depth was determined (Legleiter et al., 
2009). The band ratio that had the strongest correlation 

Figure 4 Correlation coefficients (r) between satellite band combinations 
and measured depths. 

to depths and therefore best represented bathymetry 
under these conditions was found to be log(green/red) 
(log(g/r)), which was positively correlated with depth (r 
= 0.65). Correlation coefficients for all band pairs are 
presented in Figure 4; only log(g/r) was retained for fur-
ther analysis (Figure 5). The use of red and green wave-
lengths in spectral depth mapping is common in a range 
of fluvial settings due to the physical properties of wa-
ter: red frequencies are subject to strong absorption by 
pure water, and green wavelengths are more affected by 
scattering from suspended sediment in the water col-
umn; a ratio of the two can account for the main con-
trols on depth signal (Legleiter et al., 2004, 2009; Tam-
minga et al., 2015). To account for mixed wetted and 
dry pixels at the water edge, the top and bottom 1% of 
the log(g/r) raster cell value distribution were also re-
moved. 

2.6 Image filtering 

Calculating log(g/r) for the areas within the censored 
water mask resulted in a raw band ratio raster that can 
be considered a representation of relative depth. How-
ever, before calibrating and creating the final absolute 
depth maps, a spatial filtering step was taken to im-
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Figure 5 Log(g/r) raster (unfiltered, uncensored). Background is grayscale version of the WV2 NIR2 band. 

prove the signal quality. Satellite images are inherently 
affected by noise, which is variation in brightness or 
colour unrelated to the desired information in a digital 
image (Ye et al., 2005). In earth science and fluvial map-
ping settings, various filtering techniques have been 
shown to improve image signal-to-noise ratios, aid in 
feature detection and creation of realistic topographic 
surfaces, and improve the accuracy of bathymetric cal-
ibrations (Hochberg et al., 2003b; Feurer et al., 2008; 
Legleiter, 2013; Tarolli, 2014). Low pass filters, such as 
median filters, can reduce fine scale noise while retain-
ing information on features of interest (Hamza et al., 
1999); a filtering step can also account for small geo-
registration mismatches between field data points and 
raster cells during calibration. In this study, a median 
filter with a three cell or 6 m window was employed 
using the ‘focal’ function in the R ‘raster’ package (Hi-
jmans, 2023). This window extent is comparable to the 
reach maximum depth. 

2.7 Calibrating depths 
The final step to produce maps of absolute depths 
throughout the study region was to calibrate the cen-
sored and filtered log(g/r) raster to measured depths. 
In this study, two methods of calibrating image values 
to the measured depths (training subset (n = 678) were 
compared. The first method, referred to here as the 
regression method, is an approach where an empirical 
model is fit between field-measured depth points and 
image values extracted at the same locations. The band 
ratio raster is then transformed to calibrated depths 
based on the model coefficients. This approach is 
widely used and applicable in many settings, provided a 
strong enough relationship exists between image spec-
tral values and depth (Winterbottom and Gilvear, 1997; 
Legleiter et al., 2004; Feurer et al., 2008; Williams et al., 
2014). In this study, a function of the form log(depth) 
= a*log(g/r)+b was applied after examining the shape of 
the distribution of depths versus band ratio. To assess 
the effects of image pre-processing operations, separate 
models were fit for depth points extracted from: (1) the 
entire wetted area identified by NDWI (‘unfiltered, un-
censored’), (2) the wetted area with shadows and sur-
face reflections censored out by band thresholding (‘un-
filtered, censored’), and (3) the censored wetted area 
with the median filter applied (‘filtered, censored’). 
Although regression type methods are intuitive and 

are accurate in many situations, the need to collect cal-
ibration data in the field at the time of the image cre-

ates an extra labor burden that undermines some of the 
main advantages of remote sensing. As an alternative, a 
second method of depth calibration based on Legleiter 
(2016)’s image-to-depth quantile transformation (IDQT) 
framework was tested. In this process, a non-spatial cal-
ibration is achieved through quantile matching between 
cumulative distribution functions (CDFs) of depths and 
pixel values under the assumption that pixel values are 
monotonically related to depth. The distribution for the 
pixel values within the reach is the entire set of pixels of 
the wetted area, and the distribution of depths is a mea-
sured depth dataset that could be collected at the time 
of imagery or at a different time provided the discharge 
is similar and no large-scale morphologic change has 
occurred. If field calibration data are unavailable, the 
depth distribution can alternatively be derived from an 
empirical or theoretical model; see discussion of the 
frequency distributions of reach scale hydraulic vari-
ables in the ecological and geomorphic literature (Lam-
ouroux, 1998; Ferguson, 2003; Schweizer et al., 2007; 
Rosenfeld et al., 2011; Gleason, 2015; McParland et al., 
2016). The pixel values and depths are scaled by mean 
values and CDFs are computed for each, yielding com-
parable non-dimensional distributions. For each pixel 
location, the probability of that pixel value as defined by 
the CDF is equated to the inverse CDF of depths to deter-
mine a scaled depth value at each pixel throughout the 
image. Multiplying scaled depth values by mean depth 
results in a final absolute depth map. This approach, re-
ferred to here as the quantile method, aims to alleviate 
some of the drawbacks of regression methods such as 
the need for simultaneous calibration data collection, 
the potential to predict negative depths at channel mar-
gins, the misrepresentation of deep areas affected by 
signal saturation, and errors introduced by georegistra-
tion mismatches between the depth and image datasets. 
In this study, the quantile method was applied by scaling 
the calibration depth set and the log(g/r) values at each 
pixel. Empirical CDFs were then determined for both 
and probabilities were matched based on distribution 
quantiles, allowing for the calculation of a continuous 
depth map. 

3 Results and discussion 

Overall, image pre-processing steps were successful in 
improving the quality of the band ratio raster and there-
fore the depth calibrations. The calculation of NDWI 
accurately identified wetted pixels in the image and 
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Figure 6 Detailed view of wetted area identification, image censoring, and image filtering, showing (a) the true colour RGB WV2 image, (b) the total wetted 
area identified by NDWI, including areas of reflections and shadows subsequently removed through image censoring, (c) unfiltered log(g/r) raster calculated 
for censored wetted areas, and (d) filtered log(g/r) raster calculated for censored wetted areas. 

yielded a clean delineation of mainstem wetted areas 
after removal of contiguous patches below a certain 
size, even in areas with complex flow paths through dis-
sected bars. Image censoring based on simple single-
band thresholds effectively identified pixels affected by 
surface reflections and shadows; a detailed view of cen-
soring is shown in Figure 6a-b. In this example, bro-
ken water surfaces through a riffle and a band of south-
bank shadows were removed from analysis, leaving un-
obstructed areas for calibration and depth prediction. 
Of the reach total wetted area identified by the NDWI, 
11.3% was censored out as surface reflections, and 2.9% 
was censored out as shadows, leaving 85.9% of the wet-
ted area for further processing. 

Figure 6c-d show the effects of the median filter on 
log(g/r) patterns. Prior to filtering, pixel-scale variation 
in ratio values was present throughout the area. This 
pattern mostly results from noise in the satellite im-
age bands, but it could also be influenced by fine scale 
features like water surface waves or uneven submerged 
sediment clasts. The median filter reduced visible noise 
being contributed by both bands in the ratio calculation 
while qualitatively preserving the definition of relevant 
meso-scale hydrogeomorphic features such as individ-
ual bars, riffles, and pools. 

The effects of pre-processing were also evident in the 
depth-ratio calibrations used in the regression method. 
Figure 7 shows the log(g/r) values extracted from the 
locations of the calibration measured depth set, along 

with a model of the same form fit for each case. Al-
though the models were fit as a linear log-log function, 
depths are shown in absolute values for ease of inter-
pretation. The benefits of censoring and filtering are 
evident in the shape of the depth-ratio scatter and in 
the strength of the model fits. The first case (Figure 7a), 
where points were sampled from all wetted areas iden-
tified by NDWI (unfiltered, uncensored), showed the 
largest variation from the model and the widest range 
of ratio values, due to the inclusion of areas with surface 
reflection and shadows where the method is not applica-
ble. A positive depth-ratio relation was evident but there 
was substantial scatter, particularly at larger log(g/r) 
values. The censoring operation to remove shadows 
and reflections (unfiltered, censored) led to slight im-
provement in R2 and the removal of some of the largest 
residuals from the model, but the shape of the scatter 
was largely the same (Figure 7b) . 

Effects of median filtering (filtered, censored) were 
more noticeable; the variance was reduced as values 
collapsed around the model (Figure 7c). There was also 
a truncation effect on both tails of the log(g/r) distri-
bution as filtering reduced individual extreme pixels. 
This truncation was most evident in points from deeper 
water, where the maximum log(g/r) value was reduced 
from 0.76 to 0.59. This was likely due to these areas be-
ing optically deep in the sense that the bottom is not vis-
ible and changes in depth no longer result in changes in 
water-leaving radiance that are detectable by the satel-
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Figure 7 Regression method calibration models between band ratio and measured depths for (a) unfiltered, uncensored log(g/r) raster, (b) unfiltered, 
censored log(g/r) raster, and (c) filtered, censored log(g/r) raster. 

Figure 8 Empirical cumulative distribution functions used in the quantile method for (a) image band ratio values and (b) measured depth training subset. 

lite sensor (Legleiter and Fosness, 2019). Therefore, 
there is only a small finite set of log(g/r) values in these 
areas and the median filter acts to further reduce the dif-
ferences, even though these differences may reflect true 
changes in depth. This effect gives rise to the near verti-
cal shape of the depth-ratio scatter above log(g/r) values 
of about 0.4. For all three cases, the regression model 
adequately described the positive relation between ra-
tio and depth and the shape of the functions was similar. 
Although none of the models fit deep areas (> 2 m) very 
well, the fit of the filtered and censored model (Figure 
7c) was good for the rest of the range and the reduction 
in scatter due to filtering was valuable; this model was 
used to produce the final predicted depth map for the 
regression method. 

The calibration process for the quantile method is 
summarized in Figure 8, where CDFs of pixel values and 
measured depths are shown. The process of matching 
the two distributions through quantile transformation 
can be demonstrated by considering a single band ra-
tio value, for example, a value of 0.2. According the the 
CDF of log(g/r) this corresponds to a probability of ap-
proximately 0.25. To assign a pixel of this value an ab-
solute depth, the depth value for the 0.25 quantile from 
the measured depth CDF is found, which is just under 1 
m. The CDFs in Figure 8 also demonstrate the same sat-
uration pattern as the extracted values in the regression 

method: pixel quantiles above about 0.75 correspond to 
only a few finite log(g/r) values, as indicated by the steep 
increase and slight stepped pattern. However, this rep-
resents a rather large range of depths as indicated by 
the measured depth CDF, where the upper quartile cor-
responds to a depth range of approximately 2 m to 4.7 
m. 

The overall depth maps predicted by the two methods 
give similar qualitative representations of river depth 
patterns (Figure 9). Both maps portray relative depth 
differences well, highlighting variations between shal-
low regions along bars and deeper areas along the north 
bank in the upper part of the reach and along the outer 
bend in the downstream part of the reach. Relevant ge-
omorphic features are also evident, such as the elongate 
scalloped depressions constructed about halfway along 
the reach length to provide hydraulic habitat variability, 
or the mostly submerged mid channel bar slightly up-
stream. However, the inability of the regression method 
to properly characterize deep regions with the chosen 
model is evident in a consistent under-prediction of 
depth in pools, with a maximum predicted depth of 
approximately 3 m. This gives the impression of flat 
pool bottoms as predicted depths quickly reach this 
limit at pool edges and then stop increasing. The quan-
tile method gives a better sense of true pool depth be-
cause the distribution is forced to include the full range 
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of measured depths, but the pattern in deep areas is 
spotty and highly variable given the lack of a reliably 
detectable change in band ratio and the fact that small 
changes in band ratio represent large changes in depth. 
The quality of depth predictions can also be assessed 

by comparing cross section profiles (Figure 10). Extract-
ing predicted depths from three example cross sections 
(XS2, XS3, XS6, see Figure 3) demonstrates the verti-
cal errors and facilitates comparison to field-measured 
data. In general, depth predictions from both methods 
closely match field depths in shallow areas and become 
less reliable in deep areas. Local stream morphology 
therefore dictates how applicable spectral depth map-
ping will be for a given cross section, with better pre-
dictions in wide shallow sections (Figure 10c, XS6) com-
pared to narrow deep sections (Figure 10a, XS2). Re-
gression and quantile method predictions are similar 
in shallow areas and diverge in deeper areas, where 
depth predictions become highly variable. In these ar-
eas, the regression method consistently under-predicts, 
whereas the quantile method can over-predict or under-
predict depending on slight differences in band ratio 
value. 
The depth residuals (calculated as measured - pre-

dicted, Figure 11) and summary error statistics (Table 
1) confirm the same patterns observed in the maps and 
cross sections. Both sets of residuals generally plot 
close to the 1:1 line, and linear models fit between mea-
sured and predicted depths indicate reasonably strong 
relations (regression R2 = 0.67, quantile R2 = 0.60). For 
both methods, absolute residuals increase with depth. 
The regression method (Figure 11a) consistently over-
predicts depth, as indicated by the negative intercept 
and slope close to 1 of the linear fit (y = 0.93 x - 0.12), 
leading to a negative mean bias (-0.21 m, Figure 11c). 
However, the under-prediction of pool depth is evident 
in the grouping of positive residuals above measured 
depths of about 2 m. The quantile method (Figure 11b) 
has a slight negative mean bias (-0.09 m, Figure 11c) but 
is less precise (quantile standard deviation of errors = 
0.43 m, regression standard deviation of errors = 0.36 
m) especially at higher depths, leading to a lower R2 . 
The linear model of measured versus predicted values 
for the quantile method (y = 0.74 x + 0.19) indicates that 
depths are under-predicted in shallow areas and over-
predicted in deep areas. Root mean square errors were 
similar for both methods (regression = 0.41 m, quantile 
= 0.44 m), which is in the range of 25% of mean channel 
depth. Mean absolute error was smaller for the quantile 
method than the regression method, at 15.4% of mean 
channel depth compared to 18.7%. 

Table 1 Error statistics for evaluation of regression and quantile meth-
ods. 

Error statistic Regression Quantile 
R2 of measured vs. predicted 0.67 0.60 
Root mean square error (RMSE, m) 0.41 0.44 
Mean absolute error (MAE, m) 0.32 0.26 
Mean bias (m) -0.21 -0.09 
Standard deviation of error (m) 0.36 0.43 
RMSE as % of mean channel depth 24.4% 25.7% 
MAE as % of mean channel depth 18.7% 15.4% 

The residuals scatterplots (Figure 11a-b) also high-
light the small number of log(g/r) values in deep areas, 
which is evident in the vertical banding patterns and 
poor predictions in both plots. This effect is due to the 
inherent radiometric resolution of the satellite sensor, 
which works by converting the continuous signal of ra-
diance leaving the water column into finite digital num-
bers. For a change in depth to be detectable, it must 
result in a change in radiance that exceeds the amount 
corresponding to one digital number. Upwelling radi-
ance is low in deep areas, so changes in depth are dif-
ficult to detect and uncertainty is high (Legleiter et al., 
2004). This pattern is further evidence that the depth 
signal in the study reach approaches saturation in deep 
areas (depth values exceeding approximately 2 m) un-
der these conditions. 
Comparing the depth density distributions (Figure 

11d) supports qualitative interpretations of the depth 
maps, with both methods predicting depth distributions 
that are realistic for river channels. The regression 
method predicts few depths above 3 m, but the quan-
tile method spans to the maximum measured depth of 
4.7 m. Given the finely discretized quantile transforma-
tion employed, the quantile method’s density distribu-
tion closely replicates that of the measured depth train-
ing subset. 
Despite the limits on depth estimation imposed by 

water depth, clarity, and sensor capabilities, the re-
sults indicate that spectral depth calibration is a useful 
method for broad-scale bathymetric mapping on Peace 
River. Analysis of modelled depth patterns and depth 
prediction residuals indicates that both tested meth-
ods can provide realistic qualitative maps of depth that 
would be suitable for investigations of hydraulic habi-
tat patterns or relative geomorphic change. While both 
methods are biased to some degree and depth accuracy 
is not comparable to that of field-measured data, the in-
creased areal coverage is likely more important in many 
applications (Carbonneau et al., 2006; Fonstad and Mar-
cus, 2010). The methods appear most useful in shallow 
areas, however, consideration of both absolute errors 
and errors relative to depth is important in assessing 
utility for a given purpose. Although absolute errors are 
greatest for deeper areas (Figure 11a-b), applications 
concerned with nearshore habitats and issues such as 
fish stranding on bars under changing flows should also 
be considerate of relative errors. For example, a 5 cm er-
ror seems insignificant in the context of the entire depth 
range, but a 5 cm error in 20 cm water is 25% of depth 
and represents an important elevation change and wet-
ted width difference on a low gradient bar surface with 
shallow water. 
Model bias in the regression method is likely caused 

by the inability of the simple statistical model to fully 
describe the saturation effect in deep water and by the 
addition of the dense survey of depth points (which 
were primarily in shallow to medium depths) in the 
test depth set. Further investigation could include fit-
ting different forms of models or progressively truncat-
ing depths during calibration to remove unreliable ar-
eas (Legleiter and Fosness, 2019). The quantile method 
could have been affected by spatial biases in the depth 
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Figure 9 Predicted depth maps for (a) regression method and (b) quantile method. 

Figure 10 Example cross sections showing predicted and measured depths for (a) XS2, (b) XS3, and (c) XS6. Cross sections are shown with 5x vertical 
exaggeration. 

collection related to cross section placement, or by the 
image censoring steps that removed areas in a non-
random way to create a biased sample of the full wetted 
area. Both methods were also potentially subject to er-
rors introduced by adjusting the measured depths by a 
constant stage adjustment to compensate for different 
flows between the field measurement and image date 
timing. While this assumption may be more valid for 
the large, low gradient Peace River than for steeper sys-
tems with more slope variability, a depth survey at the 
time of imagery or at the same discharge would reduce 
this uncertainty. 

In a practical operational context, Peace River is ap-
proaching the limits for where satellite depth mapping 
is appropriate. The conditions shown in the Septem-
ber 19, 2018 WV2 image represent a near ideal combi-
nation of low flow and low turbidity. These conditions 

are uncommon throughout the year and vary strongly 
along the length of the river, as tributary confluences 
often introduce visible plumes of turbid water that do 
not fully mix with the main flow for long distances. 
Methods exist to account for spatially variable water 
clarities (Legleiter et al., 2015), but calibration becomes 
more complex and the limited visibility may obscure 
the depth signal completely. Similarly, the inability to 
see the complete river bottom even at low flows makes 
methods based on cross sectional hydraulic approxima-
tions (e.g. Fonstad and Marcus, 2005; Legleiter, 2015) 
difficult, so some form of field calibration depth mea-
surements may remain necessary. Further experimen-
tation to assess the effects of weather conditions, wa-
ter clarity, and riverbed characteristics on Peace River 
and in other settings would be valuable to determine in-
fluence of external factors. Although the deepest areas 
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Figure 11 Measured versus predicted depths for (a) regression method and (b) quantile method. Dashed line indicates 1:1 for reference; solid line indicates 
linear model. (c) Distributions of depth residuals for both methods. (d) Predicted depth distributions for both methods. 

were not predicted reliably, the regression and quan-
tile methods tested in this study yielded useable data for 
much of the wetted channel. Further, the methods reli-
ably identified locations deeper than a set value (here, > 
2 m) which is helpful in itself for certain types of aquatic 
habitat monitoring (where knowing exact depth of deep 
areas may not be as important as knowing the size, ex-
tent, and location of those areas). In a long-term opera-
tional monitoring context downstream of a dam where 
flows can be controlled to coincide with image acquisi-
tion and water clarity is likely to be high, spectral depth 
mapping from satellites has the potential to fill an im-
portant niche in spatial analyses of ecosystem structure 
and dynamics. 

4 Conclusions 
This study aimed to assess the utility of depth mapping 
using satellite imagery on a large river system. Two 
methods of calibrating field-measured depth values to 
spectral properties from a multispectral WorldView-2 
satellite image were tested, along with several image 
pre-processing steps. Analyses revealed that spectral 
depth mapping is suitable to characterize bathymetry, 
with a depth signal described by a ratio of a short wave-
length numerator band (green) subject to scattering 
by suspended sediment and a longer wavelength band 
(red) dependent on absorption in pure water. Image 
censoring to remove unwanted shadows or reflections 
and a spatial median filter both improved depth calibra-
tion accuracy and the quality of resultant depth maps. 
A regression calibration approach relating measured 

depths to image values at the same locations gave simi-
lar overall results to a non-spatial calibration based on 
quantile transformation between cumulative distribu-
tion functions of pixel values and a measured depth 
set, with root-mean-square errors in the range of 25% 
of mean channel depth. Under the water depth and 
clarity conditions at the time of the image, the relia-
bility of depth predictions fell rapidly above depths of 
about 2 m. While neither method could account for 
this lack of detectable changes in upwelling radiance 
in deep areas, the quantile method did ensure that the 
full range of depths was represented in predictions, and 
tended to accentuate deep areas more than the regres-
sion method. The lack of reliable information in deep 
areas (> 2 m) may not matter if data are being used for 
general habitat classifications or geomorphic analyses; 
a field-based survey is likely necessary if greater accu-
racy is desired in deep areas. The methodology also of-
fers promise for use in flood inundation mapping. Typ-
ically in Canada and the United States, flood inundation 
for 100-year or 200-year floods is modelled using a 2D hy-
draulic model. Because the details of the low-flow chan-
nel are less important in determining the flooding ex-
tent for such large magnitude events, a remote sensing 
approach combined with an aerial LiDAR survey of the 
subareal parts of the channel and adjacent floodplain 
could offer a cost effective and practical alternative to 
direct measurement of the channel bathymetry. Over-
all, the techniques outlined in this paper have the po-
tential to support monitoring of hydraulic habitat condi-
tions and complement existing measurement methods 
in a long-term river management context. 

11 GEOMORPHICA | volume 2 | issue 1 



GEOMORPHICA | | Tamminga et al. 2025 

Acknowledgements 
A. Tamminga acknowledges support from Ecofish Re-
search Ltd. (Vancouver, BC) and ESSA Technologies Ltd. 
(Vancouver, BC). 

Land Recognition 
We acknowledge this research was conducted on the tra-
ditional territory of Treaty 8 First Nations of Dunne Zaa, 
Cree, and Tse’khene cultural descent. 

Data and Codes Availability 
Code and data are available on a Zenodo repository: 
https://doi.org/10.5281/zenodo.15723177. Note: the 
original WorldView-2 image cannot be shared due to the 
terms of the commercial license under which it was pur-
chased; please contact the authors for more informa-
tion. 

Funding Statement 
Funding was provided by a Mitacs Elevate fellowship to 
A. Tamminga and by British Columbia Hydro and Power 
Authority. 

Conflict of Interest Disclosure 
The authors have no competing interests. 

Permission to Reproduce Material from 
Copyrighted Sources 
The authors declare that no material from copyrighted 
sources was reproduced in this manuscript. 

Declaration on Artificial Intelligence Use 
The authors declare that no artificial intelligence tool 
was used to assist in or generate any part of the contents 
in this manuscript. 

References 
BC Hydro. Fisheries and Aquatic Habitat Monitoring and Follow-up 

Program: Site C Clean Energy Project. https://www.sitecpro-
ject.com/sites/default/files/Fisheries-and-Aquatic-Habitat-
Monitoring-and-Follow-up-Program.pdf, 2015. 

Bevington, A., Gleason, H., Giroux-Bougard, X., and de Jong, J. T. A 
review of free optical satellite imagery for watershed-scale land-
scape analysis. Confluence: Journal of Watershed Science and 
Management, 2(2), 2018. doi: 10.22230/jwsm.2018v2n2a18. 

Butler, J., Lane, S., Chandler, J., and Porfiri, E. Through-water 
close range digital photogrammetry in flume and field environ-
ments. The Photogrammetric Record, 17(99):419–439, 2002. doi: 
10.1111/0031-868X.00196. 

Carbonneau, P. E. and Piégay, H. Fluvial Remote Sensing for Science 
and Management. Wiley Online Library, 2012. 

Carbonneau, P. E., Lane, S. N., and Bergeron, N. Feature based im-
age processing methods applied to bathymetric measurements 
from airborne remote sensing in fluvial environments. Earth 
Surface Processes and Landforms, 31(11):1413–1423, 2006. doi: 
0.1002/esp.1341. 

Church, M. Channel morphology and typology. In The Rivers Hand-
book, edited by Calow, P. and Petts, G., volume 1, chapter 6. 
Blackwell Science, 1992. 

Church, M. The Regulation of Peace River: a Case Study for River 
Management. John Wiley & Sons, 2015. 

Costa, J. E., Spicer, K. R., Cheng, R. T., Haeni, F. P., Melcher, N. B., 
Thurman, E. M., Plant, W. J., and Keller, W. C. Measuring stream 
discharge by non-contact methods: A proof-of-concept experi-
ment. Geophysical Research Letters, 27(4):553–556, 2000. doi: 
10.1029/1999GL006087. 

Dietrich, J. T. Bathymetric structure-from-motion: Extracting shal-
low stream bathymetry from multi-view stereo photogramme-
try. Earth Surface Processes and Landforms, 42(2):355–364, 
2017. doi: 10.1002/esp.4060. 

Fausch, K. D., Torgersen, C. E., Baxter, C. V., and Li, H. W. Land-
scapes to riverscapes: bridging the gap between research and 
conservation of stream fishes. BioScience, 52(6):483–498, 2002. 
doi: 10.1641/0006-3568(2002)052[0483:LTRBTG]2.0.CO;2. 

Ferguson, R. I. The missing dimension: Effects of lateral variation 
on 1-D calculations of fluvial bedload transport. Geomorphol-
ogy, 56(1-2):1–14, 2003. doi: 10.1016/S0169-555X(03)00042-4. 

Feurer, D., Bailly, J., Puech, C., Le Coarer, Y., and Viau, A. Very-
high-resolution mapping of river-immersed topography by re-
mote sensing. Progress in Physical Geography, 32(4):403–419, 
2008. doi: 10.1177/0309133308096030. 

Fonstad, M. and Marcus, W. High resolution, basin extent obser-
vations and implications for understanding river form and pro-
cess. Earth Surface Processes and Landforms, 35(6):680–698, 
2010. doi: 10.1002/esp.1969. 

Fonstad, M. A. and Marcus, W. A. Remote sensing of stream 
depths with hydraulically assisted bathymetry (HAB) models. 
Geomorphology, 72(1-4):320–339, 2005. doi: 10.1016/j.geo-
morph.2005.06.005. 

Fryer, J. A simple system for photogrammetric mapping in shallow 
water. The Photogrammetric Record, 11(62):203–208, 1983. doi: 
10.1111/j.1477-9730.1983.tb00471.x. 

Gilvear, D., Hunter, P., and Higgins, T. An experimental approach to 
the measurement of the effects of water depth and substrate on 
optical and near infra-red reflectance: A field based assessment 
of the feasibility of mapping submerged instream habitat. Inter-
national Journal of Remote Sensing, 28:2241–2256, 2007. doi: 
10.1080/01431160600976079. 

Gilvear, D. J., Davids, C., and Tyler, A. N. The use of remotely sensed 
data to detect channel hydromorphology; River Tummel, Scot-
land. River Research and Applications, 20(7):795–811, 2004. doi: 
10.1002/rra.792. 

Gleason, C. J. Hydraulic geometry of natural rivers: A review 
and future directions. Progress in Physical Geography, 39(3): 
337–360, 2015. doi: 10.1177/0309133314567584. 

Hamza, A. B., Luque-Escamilla, P. L., Martinez-Aroza, J., and 
Roman-Roldan, R. Removing noise and preserving details with 
relaxed median filters. Journal of Mathematical Imaging and Vi-
sion, 11(2):161–177, 1999. doi: 10.1023/A:1008395514426. 

Hedley, J., Harborne, A., and Mumby, P. Simple and robust re-
moval of sun glint for mapping shallow-water benthos. Interna-
tional Journal of Remote Sensing, 26(10):2107–2112, 2005. doi: 
10.1080/01431160500034086. 

Hijmans, R. J. raster: Geographic Data Analysis and Modeling, 2023, 

12 GEOMORPHICA | volume 2 | issue 1 

https://doi.org/10.5281/zenodo.15723177
https://doi.org/10.22230/jwsm.2018v2n2a18
https://doi.org/10.1111/0031-868X.00196
https://doi.org/0.1002/esp.1341
https://doi.org/10.1029/1999GL006087
https://doi.org/10.1002/esp.4060
https://doi.org/10.1641/0006-3568(2002)052[0483:LTRBTG]2.0.CO;2
https://doi.org/10.1016/S0169-555X(03)00042-4
https://doi.org/10.1177/0309133308096030
https://doi.org/10.1002/esp.1969
https://doi.org/10.1016/j.geomorph.2005.06.005
https://doi.org/10.1016/j.geomorph.2005.06.005
https://doi.org/10.1111/j.1477-9730.1983.tb00471.x
https://doi.org/10.1080/01431160600976079
https://doi.org/10.1002/rra.792
https://doi.org/10.1177/0309133314567584
https://doi.org/10.1023/A:1008395514426
https://doi.org/10.1080/01431160500034086
https://ject.com/sites/default/files/Fisheries-and-Aquatic-Habitat
https://www.sitecpro


GEOMORPHICA | | Tamminga et al. 2025 

https://CRAN.R-project.org/package=raster. R package version 
3.6-26. 

Hilldale, R. C. and Raff, D. Assessing the ability of airborne LiDAR to 
map river bathymetry. Earth Surface Processes and Landforms, 
33(5):773–783, 2008. doi: 10.1002/esp.1575. 

Hochberg, E. J., Andréfouët, S., and Tyler, M. R. Sea surface cor-
rection of high spatial resolution Ikonos images to improve bot-
tom mapping in near-shore environments. IEEE transactions on 
geoscience and remote sensing, 41(7):1724–1729, 2003a. doi: 
10.1109/TGRS.2003.815408. 

Hochberg, E. J., Atkinson, M. J., and Andréfouët, S. Spec-
tral reflectance of coral reef bottom-types worldwide and im-
plications for coral reef remote sensing. Remote Sensing 
of Environment, 85(2):159–173, 2003b. doi: 10.1016/S0034-
4257(02)00201-8. 

Hugue, F., Lapointe, M., Eaton, B. C., and Lepoutre, A. Satellite-
based remote sensing of running water habitats at large river-
scape scales: Tools to analyze habitat heterogeneity for river 
ecosystem management. Geomorphology, 253(C):353–369, 
2016. doi: 10.1016/j.geomorph.2015.10.025. 

Javernick, L., Brasington, J., and Caruso, B. Modeling the topog-
raphy of shallow braided rivers using Structure-from-Motion 
photogrammetry. Geomorphology, 213:166–182, 2014. doi: 
10.1016/j.geomorph.2014.01.006. 

Kay, S., Hedley, J. D., and Lavender, S. Sun glint correction of high 
and low spatial resolution images of aquatic scenes: A review 
of methods for visible and near-infrared wavelengths. Remote 
sensing, 1(4):697–730, 2009. doi: 10.3390/rs1040697. 

Kinzel, P. J., Wright, C. W., Nelson, J. M., and Burman, A. R. Evalua-
tion of an experimental LiDAR for surveying a shallow, braided, 
sand-bedded river. Journal of Hydraulic Engineering, 133(7): 
838–842, 2007. doi: http://dx.doi.org/10.1061/(ASCE)0733-
9429(2007)133:7(838). 

Kumar, K. V., Palit, A., and Bhan, S. K. Bathymetric mapping 
in Rupnarayan-Hooghly river confluence using Indian remote 
sensing satellite data. International Journal of Remote Sensing, 
18(11):2269–2270, 1997. doi: 10.1080/014311697217585. 

Lafon, V., Froidefond, J., Lahet, F., and Castaing, P. SPOT shallow 
water bathymetry of a moderately turbid tidal inlet based on 
field measurements. Remote Sensing of Environment, 81(1):136 
– 148, 2002. doi: 10.1016/S0034-4257(01)00340-6. 

Lamouroux, N. Depth probability distributions in stream reaches. 
Journal of Hydraulic Engineering, 124(2):224–227, 1998. doi: 
10.1061/(ASCE)0733-9429(1998)124:2(224). 

Lane, S. The measurement of river channel morphology using 
digital photogrammetry. The Photogrammetric Record, 16(96): 
937–961, 2000. doi: 10.1111/0031-868X.00159. 

Lane, S., Widdison, P., Thomas, R., Ashworth, P., Best, J., Lunt, I., 
Sambrook Smith, G., and Simpson, C. Quantification of braided 
river channel change using archival digital image analysis. Earth 
Surface Processes and Landforms, 35(8):971–985, 2010. doi: 
10.1002/esp.2015. 

Legleiter, C. J. Mapping river depth from publicly available aerial 
images. River Research and Applications, 29(6):760–780, 2013. 
doi: 10.1002/rra.2560. 

Legleiter, C. J. Calibrating remotely sensed river bathymetry in 
the absence of field measurements: Flow REsistance Equation-
Based Imaging of River Depths (FREEBIRD). Water Resources Re-
search, 51(4):2865–2884, 2015. doi: 10.1002/2014WR016624. 

Legleiter, C. J. Inferring river bathymetry via image-to-depth quan-
tile transformation (IDQT). Water Resources Research, 52(5): 
3722–3741, 2016. doi: 10.1002/2016WR018730. 

Legleiter, C. J. and Fonstad, M. A. An introduction to the physi-

cal basis for deriving river information by optical remote sens-
ing. Fluvial Remote Sensing for Science and Management, pages 
43–69, 2012. doi: 10.1002/9781119940791.ch3. 

Legleiter, C. J. and Fosness, R. Defining the limits of spectrally 
based bathymetric mapping on a large river. Remote Sensing, 
11(6):665–29, 2019. doi: 10.3390/rs11060665. 

Legleiter, C. J. and Overstreet, B. T. Mapping gravel bed river 
bathymetry from space. Journal of Geophysical Research: Earth 
Surface, 117(F4), 2012. doi: 10.1029/2012JF002539. 

Legleiter, C. J., Roberts, D. A., Marcus, W. A., and Fonstad, 
M. A. Passive optical remote sensing of river channel mor-
phology and in-stream habitat: Physical basis and feasibil-
ity. Remote Sensing of Environment, 93(4):493–510, 2004. doi: 
10.1016/j.rse.2004.07.019. 

Legleiter, C. J., Roberts, D. A., and Lawrence, R. L. Spectrally based 
remote sensing of river bathymetry. Earth Surface Processes and 
Landforms, 34(8):1039–1059, 2009. doi: 10.1002/esp.1787. 

Legleiter, C. J., Kinzel, P. J., and Overstreet, B. T. Evaluating the 
potential for remote bathymetric mapping of a turbid, sand-
bed river: 2. Application to hyperspectral image data from the 
Platte River. Water Resources Research, 47(9), 2011. doi: 
10.1029/2011WR010592. 

Legleiter, C. J., Overstreet, B. T., Glennie, C. L., Pan, Z., Fernandez-
Diaz, J. C., and Singhania, A. Evaluating the capabilities of the 
CASI hyperspectral imaging system and Aquarius bathymetric 
LiDAR for measuring channel morphology in two distinct river 
environments. Earth Surface Processes and Landforms, 41(3): 
344–363, 2015. doi: 10.1002/esp.3794. 

Legleiter, C. J., Overstreet, B. T., and Kinzel, P. J. Sam-
pling strategies to improve passive optical remote sensing 
of river bathymetry. Remote Sensing, 10(6), 2018. doi: 
10.3390/rs10060935. 

Lejot, J., Delacourt, C., Piégay, H., Fournier, T., Trémélo, M.-L., and 
Allemand, P. Very high spatial resolution imagery for channel 
bathymetry and topography from an unmanned mapping con-
trolled platform. Earth Surface Processes and Landforms: The 
Journal of the British Geomorphological Research Group, 32(11): 
1705–1725, 2007. doi: 10.1002/esp.1595. 

Lyon, J. G. and Hutchinson, W. S. Application of a radiometric 
model for evaluation of water depths and verification of results 
with airborne scanner data. Photogrammetric Engineering and 
Remote Sensing, 61(2):161–166, 1995. 

Marcus, W., Legleiter, C. J., Aspinall, R. J., Boardman, J. W., and 
Crabtree, R. L. High spatial resolution hyperspectral map-
ping of in-stream habitats, depths, and woody debris in moun-
tain streams. Geomorphology, 55(1):363 – 380, 2003. doi: 
10.1016/S0169-555X(03)00150-8. 

McFeeters, S. Using the normalized difference water index (NDWI) 
within a geographic information system to detect swimming 
pools for mosquito abatement: A practical approach. Remote 
Sensing, 5(7):3544–3561, 2013. doi: 10.3390/rs5073544. 

McKean, J., Nagel, D., Tonina, D., Bailey, P., Wright, C. W., Bohn, 
C., and Nayegandhi, A. Remote sensing of channels and ripar-
ian zones with a narrow-beam aquatic-terrestrial LIDAR. Remote 
Sensing, 1(4):1065–1096, 2009. doi: 10.3390/rs1041065. 

McParland, D., Eaton, B., and Rosenfeld, J. At-a-station hydraulic 
geometry simulator. River Research and Applications, 32(3): 
399–410, 2016. doi: 10.1002/rra.2851. 

Overstreet, B. T. and Legleiter, C. J. Removing sun glint from 
optical remote sensing images of shallow rivers. Earth Sur-
face Processes and Landforms, 42(2):318–333, 2016. doi: 
10.1002/esp.4063. 

Philpot, W. D. Bathymetric mapping with passive multispec-

13 GEOMORPHICA | volume 2 | issue 1 

https://doi.org/10.1002/esp.1575
https://doi.org/10.1109/TGRS.2003.815408
https://doi.org/10.1016/S0034-4257(02)00201-8
https://doi.org/10.1016/S0034-4257(02)00201-8
https://doi.org/10.1016/j.geomorph.2015.10.025
https://doi.org/10.1016/j.geomorph.2014.01.006
https://doi.org/10.3390/rs1040697
https://doi.org/http://dx.doi.org/10.1061/(ASCE)0733-9429(2007)133:7(838)
https://doi.org/http://dx.doi.org/10.1061/(ASCE)0733-9429(2007)133:7(838)
https://doi.org/10.1080/014311697217585
https://doi.org/10.1016/S0034-4257(01)00340-6
https://doi.org/10.1061/(ASCE)0733-9429(1998)124:2(224)
https://doi.org/10.1111/0031-868X.00159
https://doi.org/10.1002/esp.2015
https://doi.org/10.1002/rra.2560
https://doi.org/10.1002/2014WR016624
https://doi.org/10.1002/2016WR018730
https://doi.org/10.1002/9781119940791.ch3
https://doi.org/10.3390/rs11060665
https://doi.org/10.1029/2012JF002539
https://doi.org/10.1016/j.rse.2004.07.019
https://doi.org/10.1002/esp.1787
https://doi.org/10.1029/2011WR010592
https://doi.org/10.1002/esp.3794
https://doi.org/10.3390/rs10060935
https://doi.org/10.1002/esp.1595
https://doi.org/10.1016/S0169-555X(03)00150-8
https://doi.org/10.3390/rs5073544
https://doi.org/10.3390/rs1041065
https://doi.org/10.1002/rra.2851
https://doi.org/10.1002/esp.4063
https://CRAN.R-project.org/package=raster


GEOMORPHICA | | Tamminga et al. 2025 

tral imagery. Appl. Opt., 28(8):1569–1578, 1989. doi: 
10.1364/AO.28.001569. 

Poff, N. L. and Ward, J. Physical habitat template of lotic systems: 
Recovery in the context of historical pattern of spatiotemporal 
heterogeneity. Environmental management, 14(5):629, 1990. 
doi: 10.1007/BF02394714. 

Poole, G. C. Stream hydrogeomorphology as a physical science ba-
sis for advances in stream ecology. Journal of the North Amer-
ican Benthological Society, 29(1):12–25, 2010. doi: 10.1899/08-
070.1. 

QGIS Development Team. QGIS Geographic Information System. 
QGIS Association, URL: https://www.qgis.org, 2024. 

R Core Team. R: A Language and Environment for Statistical 
Computing. R Foundation for Statistical Computing; URL: 
https://www.R-project.org/, Vienna, Austria, 2024. 

Rosenfeld, J. S., Campbell, K., Leung, E. S., Bernhardt, J., and Post, 
J. Habitat effects on depth and velocity frequency distributions: 
Implications for modeling hydraulic variation and fish habitat 
suitability in streams. Geomorphology, 130(3-4):127–135, 2011. 
doi: 10.1016/j.geomorph.2011.03.007. 

Schweizer, S., Borsuk, M. E., Jowett, I., and Reichert, P. Predict-
ing joint frequency distributions of depth and velocity for in-
stream habitat assessment. River Research and Applications, 23 
(3):287–302, 2007. doi: 10.1002/rra.980. 

Shintani, C. and Fonstad, M. A. Comparing remote-sensing tech-
niques collecting bathymetric data from a gravel-bed river. 
International Journal of Remote Sensing, 38(8-10):2883–2902, 
2017. doi: 10.1080/01431161.2017.1280636. 

Tamminga, A., Hugenholtz, C., Eaton, B., and Lapointe, M. Hyper-
spatial remote sensing of channel reach morphology and hy-
draulic fish habitat using an unmanned aerial vehicle (UAV): A 
first assessment in the context of river research and manage-
ment. River Research and Applications, 31(3):379–391, 2015. doi: 
10.1002/rra.2743. 

Tarolli, P. High-resolution topography for understanding Earth sur-
face processes: Opportunities and challenges. Geomorphology, 
216:295–312, 2014. doi: 10.1016/j.geomorph.2014.03.008. 

Vaughan, I., Diamond, M., Gurnell, A., Hall, K., Jenkins, A., Milner, 
N., Naylor, L., Sear, D., Woodward, G., and Ormerod, S. Integrat-
ing ecology with hydromorphology: a priority for river science 
and management. Aquatic Conservation: Marine and Freshwa-
ter Ecosystems, 19(1):113–125, 2009. doi: 10.1002/aqc.895. 

Visser, F., Buis, K., Verschoren, V., and Meire, P. Depth estimation of 
submerged aquatic vegetation in clear water streams using low-
altitude optical remote sensing. Sensors, 15(10):25287–25312, 
2015. doi: 10.3390/s151025287. 

Ward, J. Riverine landscapes: biodiversity patterns, disturbance 
regimes, and aquatic conservation. Biological conservation, 83 
(3):269–278, 1998. doi: 10.1016/S0006-3207(97)00083-9. 

Westaway, R. M., Lane, S. N., and Hicks, D. M. Remote sensing of 
clear-water, shallow, gravel-bed rivers using digital photogram-
metry. Photogrammetric Engineering and Remote Sensing, 67 
(11):1271–1282, 2001. 

Williams, R., Brasington, J., Vericat, D., and Hicks, D. Hyper-
scale terrain modelling of braided rivers: fusing mobile terres-
trial laser scanning and optical bathymetric mapping. Earth 
Surface Processes and Landforms, 39(2):167–183, 2014. doi: 
10.1002/esp.3437. 

Winterbottom, S. J. and Gilvear, D. J. Quantification of channel bed 
morphology in gravel-bed rivers using airborne multispectral 
imagery and aerial photography. Regulated Rivers: Research & 
Management, 13(6):489–499, 1997. 

Woodget, A., Carbonneau, P., Visser, F., and Maddock, I. Quanti-

fying submerged fluvial topography using hyperspatial resolu-
tion UAS imagery and structure from motion photogrammetry. 
Earth Surface Processes and Landforms, 40(1):47–64, 2015. doi: 
10.1002/esp.3613. 

Ye, Y., Ye, Z., Bhattacharya, P., Luo, J., Majlesein, H., Smith, R., and 
Kang, K. On linear and nonlinear processing of underwater, 
ground, aerial and satellite images. In 2005 IEEE International 
Conference on Systems, Man and Cybernetics, volume 4, pages 
3364–3368. IEEE, 2005. doi: 10.1109/ICSMC.2005.1571666. 

The article Evaluating satellite-based depth mapping for 
large river monitoring: A case study of Peace River, British 
Columbia, Canada © 2025 by Tamminga et al. is licensed un-
der a Creative Commons Attribution 4.0 International (CC BY 
4.0) License. 

14 GEOMORPHICA | volume 2 | issue 1 

https://doi.org/10.1364/AO.28.001569
https://doi.org/10.1007/BF02394714
https://doi.org/10.1899/08-070.1
https://doi.org/10.1899/08-070.1
https://doi.org/10.1016/j.geomorph.2011.03.007
https://doi.org/10.1002/rra.980
https://doi.org/10.1080/01431161.2017.1280636
https://doi.org/10.1002/rra.2743
https://doi.org/10.1016/j.geomorph.2014.03.008
https://doi.org/10.1002/aqc.895
https://doi.org/10.3390/s151025287
https://doi.org/10.1016/S0006-3207(97)00083-9
https://doi.org/10.1002/esp.3437
https://doi.org/10.1002/esp.3613
https://doi.org/10.1109/ICSMC.2005.1571666
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.R-project.org
https://www.qgis.org

	Evaluating satellite-based depth mapping for large river monitoring: A case study of Peace River, British Columbia, Canada
	Received:
	Accepted:
	Published:
	Editor-in-Chief:
	Associate Editors:
	Managing Editor:
	Production Editor:
	Reviewers:
	Abstract
	Non-technical summary
	1 Introduction
	2 Methods
	2.1 Site description
	2.2 Satellite imagery
	2.3 Bathymetric survey
	2.4 Water index and censoring
	2.5 Band ratios
	2.6 Image filtering
	2.7 Calibrating depths

	3 Results and discussion
	4 Conclusions
	Acknowledgements
	Land Recognition
	Data and Codes Availability
	Funding Statement
	Conflict of Interest Disclosure
	Permission to Reproduce Material from Copyrighted Sources
	Declaration on Artificial Intelligence Use
	References


