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ABSTRACT: 
 
The mapping of nearshore bathymetry based on spaceborne radiometers is commonly used for QC ocean colour products in littoral 
waters. However, the accuracy of these estimates is relatively poor with respect to those derived from Lidar systems due in part to the 
large uncertainties of bottom depth retrievals caused by changes on bottom reflectivity. Here, we present a method based on mini 
unmanned aerial vehicles (UAS) images for discriminating bottom-reflected and water radiance components by taking advantage of 
shadows created by different structures sitting on the bottom boundary. Aerial surveys were done with a drone Draganfly X4P during 
October 1 2013 in optically shallow waters of the Saint Lawrence Estuary, and during low tide. Colour images with a spatial 
resolution of 3 mm were obtained with an Olympus EPM-1 camera at 10 m height. Preliminary results showed an increase of the 
relative difference between bright and dark pixels (dP) toward the red wavelengths of the camera's receiver. This is suggesting that 
dP values can be potentially used as a quantitative proxy of bottom reflectivity after removing artefacts related to Fresnel reflection 
and bottom adjacency effects. 
  
 

1. INTRODUCTION 

 
The use of unmanned aerial vehicles (UAS) has several 
applications in environmental studies including the control of 
wildfires and the optimization of agriculture production 
(Ambrosia et al., 2003;Berni et al., 2009). Although promising, 
the utilisation of UAS for mapping bathymetry and turbidity of 
shallow nearshore environments is  still lacking.  
 
Unlike satellites, UAS is a remote sensing platform that can 
provide extremely high spatial resolution (i.e., cm). This is 
particularly important in coastal oceanography for investigating 
benthic communities, and processes related to sediment 
transport and small-scale turbulence.  
 
Similar to airborne surveys, UAS flights can be scheduled 
depending on the weather conditions but at a lower cost. Lastly, 
the footprint of UAS-based optical passive systems is smaller 
with respect to those from satellite imagers. Thus, UAS-derived 
measurements are less affected by adjacency effects.  
 
The inversion of bottom depth based on satellite ocean colour 
measurements is relatively inaccurate (error ~30%) with respect 
to those derived from active optical systems such as Lidars 
(Light detection and range) (Lee et al., 2002; Wang and Philpot, 
2007). This is mainly related to the major uncertainty of passive 
optical retrievals of bottom depth associated to the spatial 
variability of bottom reflectivity. 
 
In that regard, high resolution UAS measurements may be 
applied to independently discriminate optical signal associated 
with water and bottom components. Thus, optical data from 
drones can be used as a complementary tool for improving 
satellite estimates of bottom depth and water turbidity in 

optically shallow waters (i.e., those with substantial radiance 
contributions due to water and bottom components).  
 
In order to estimate bottom reflectivity, the aim of this study is 
to evaluate a new technique based on visible (i.e., wavelength = 
400-700 nm) remote sensing measurements obtained by a mini-
UAS and performed in contiguous areas with and without solar 
illumination.  
 
This approach is based on the cloud-shadow algorithm 
developed for satellite observations and originally proposed for 
removing the atmospheric path contribution to the TOA (i.e., 
top-of-the-atmosphere) radiances (Reinersman et al., 1998). The 
suggested technique is expected to work as long as the bottom 
reflectivity of illuminated and non-illuminated pixels is 
comparable.  
 

2. METHODS 

 
2.1 Aerial optical system  

 
UAS images were obtained with an Olympus camera (12.3 mP, 
EPM-1) attached to a draganfly X4P quadcopter (Figure 1). 
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Figure 1. UAS and scientific payload. 1: camera, 2: drone, 3: 

gimbal 
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The camera was set with a nadir-viewing angle and a shooting 
rate of 15 pictures per minute. At 10 m above the sea surface, 
the field of view is 53.1°, the footprint is 10 x 7 m, and the 
spatial resolution (i.e., pixel size) is 3 mm. 
 
2.2 Field experiment 

 
UAS flights were conducted over an intertidal area of a small 
cove in the lower estuary of the Saint Lawrence System, Canada 
(48.515°N, 68.469°W) (Figure 2). Images were taken 11:30 am 
and 12:30 pm of October 1, 2013.  
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Figure 2. Study area. S1: sampling location, in situ 
instrumentation (inset upper-left corner), SLE: Saint Lawrence 

Estuary, AO: Atlantic Ocean 
 
Changes on underwater light attenuation during the UAS flights 
was quantified based on turbidity and chromophoric dissolved 
organic matter (CDOM) absorption (aCDOM) measurements.  
 
Continuous turbidity data was recorded every minute using an 
OBS3+ sensor (Campbell Instruments). Discrete aCDOM 

determinations were made based on spectrophotometry 
(Mitchell et al., 2002). Water level was determined every 15 
minutes from a tidal gauge situated at Rimouski City (Fisheries 
and Ocean Canada). 
 
2.3 Data processing 

 
Raw ORF images were converted to jpeg format and 
decomposed in three layers of 8-bit (R: 550-650 nm, G: 500-
600 nm, and B: 420-520 nm, based at FWHM, Jiang et al., 
2013). Each raster with 4032 x 3024 pixels was corrected by 
intensity variations by using the Rahman bidirectional 
reflectance function (BDRF) (Rahman et al., 1993): 
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where   ρs = image reflectance = Li/Ed 

                Li = total upwelling radiance (W m-2 sr-1 µm-1) 
                Ed = downwelling irradiance (W m-2 µm-1) 
               θ1 = solar zenith angle (rad) 
 θ2 = viewing zenith angle (rad) 
               φ1 = solar azimuth angle (rad) 
 φ2 = viewing azimuth angle (rad) 
 k = surface parameter = 2  
               ρo = surface parameter = 0.02 
              Θ = angular scattering factor = 0 
               g = phase angle 
               R = hot spot function. 
 
Values of Ed were computed based on a radiative transfer model 
(RADTRAN). Ancillary meteorological information (wind, 
visibility) was obtained from local monitoring stations at Mont 
Joli airport. Concentration of ozone and precipitable water was 
derived from climatologies provided by SeaDAS 7 software 
(NASA's Ocean Biology Processing Group). 
 
The temporal variability on solar illumination was minimized 
by scaling each ρs value with the following factor:   
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where n subscript indicates noon (i.e., θ 1= 0.917 and φ1 = 0 rad, 
respectively). 
 
The cloud-shadow method was applied to images previously 
corrected by the illumination effects. The shade of the lagoon-
lander structure was geolocated and used for extracting the dark 
pixels (hereafter dp) (Figure 3).. Likewise, bright pixels were 
 

lagoon-lander

 
Figure 3. Pixel extraction for cloud-shadow algorithm. dp 

(yellow box), bp (blue box) 
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selected from a contiguous area (hereafter bp).The arithmetic 
average of Li was computed for each type of pixels and within a 
binary mask having the same size (201 x 401 pixels or 60.3 x 
120.3 cm). The bottom-radiance contribution (fb) as percentage 
and for each spectral range (X) is: 
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where X corresponds to R,G, and B matrices. 

 
3. RESULTS 

 
An example of Rahman BDRF at θ1 = 0 rad and the 
illumination factor for a RGB image obtained in the morning 
are shown in Figure 4.  
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Figure 4. Illumination correction. Rahman BDRF at noon 

(upper panel), BDRF factor (lower panel),in the upper-left inset 
φ1 (red arrow) and φ2 (blue arrow) 

 
As expected, the largest magnitude of the BDRF was observed 
at the center of the footprint as the camera off-nadir angle never 
exceeded 2°. Also, a larger correction due to sunlight variability 
was found close to the camera viewing angle. 

 
The difference between total upwelling photons originated from 
water scattering and bottom reflections (i.e., bp pixels) and 
those solely derived from the water column (i.e., dp pixels) is 
summarized in Figure 5 for two times of the day. 
 
It is clear from the graph that fb computed for the visible 
spectrum increases as the water becomes less turbid (i.e., 
smaller NTU or nephelometric turbidity units) even though the 
higher water level as the tide rises.  
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Figure 5. Proportion of bottom-derived radiance as a function of 

water turbidity and tide height 
 
Measurements of aCDOM at 412 nm were fairly constant during 
the time series (0.04 ± 0.001 m-1 = arithmetic average ± 2 
standard errors) suggesting that light attenuation was mainly 
determined by suspended particulates. Thus, NTU was a good 
indicator of water transparency changes in our study. 
 
The spectral variation of fb for relatively clear and turbid waters 
(i.e., NTU values at 11:30 am and 12:30 pm, respectively) is 
analyzed in Figure 6. 
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Figure 6. Proportion of bottom-derived radiance for different 
spectral region. Turbid and clear waters are defined based on 

contrasting cases shown in Figure 5. 
 

As anticipated based on remote sensing reflectance 
measurements reported in the literature, the influence of bottom 
contribution to total upwelling reflectivity was more important 
at longer wavelengths.  
 
Moreover, fb

X within the red spectral window was not affected 
by water turbidity. Conversely, bottom-related contributions 
were substantially reduced at shorter wavelength intervals as the 
water visibility decreases. This later effect can be attributed to 
multiple particle scattering contributions to dp values and 
originated from adjacent pixels. 
 
The spatial distribution of fb

RGB over the UAS footprint 
surrounding the lagoon-lander reference location is depicted in 
Figure 7. The calculation of fb

RGB throughout the whole area 
was simplified by using the same dp values obtained in the 
vicinity of the lagoon-lander structure. 
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Figure 7. Proportion of bottom-derived radiance over different 
benthic cover types. M: macroalgae, S: broken shells, Ro: rock 

 
As a first-order approximation, the cloud-shadow technique 
quickly revealed the larger bottom reflectivity of rocks and 
sediments largely composed by mussel shells (fb

RGB  > 40%) 
with respect benthic communities dominated by macroalgae 
(fb

RGB~25%).  
 

However, a finer analysis should include a shade-detection 
algorithm for finding multiple dark spots scattered over the 
image and produced by several types of objects sitting on the 
bottom (e.g., rocks) or floating near the top of the water surface 
(e.g., algae). 
 

4. CONCLUSIONS 

 
This study presents for the first time one technique for 
estimating bottom reflectivity based on UAS images and the 
same principles proposed for the cloud-shadow algorithm. This 
proved that UAS can be used as a practical remote sensing 
platform to enhance satellite products by providing 
complementary information about bottom cover types. 
 
This is expected to have a major implication in coastal erosion 
studies as more accurate satellite retrievals of bottom depth and 
turbidity patterns in optically shallow waters will be achieved. 
Likewise, the nearshore discrimination of bottom and water 
optical properties by UAS is expected to have a major 
application for correcting time series of ocean colour 
observations derived from existing (e.g., GOCI) and future (e.g., 
GEO-CAPE) geo-stationary sensors.  

 
The approach developed here is not invasive, thus specific in 
situ measurements of bottom and water signatures are not 
required. This is particularly useful in nearshore environments 
where suspended particulates and bottom optical properties are 
highly variable. 
 
Preliminary results are very encouraging even though additional 
experiments are needed for calibrating UAS images with optical 
measurements derived from radiometers. Likewise, Monte Carlo 
simulations should be done in the future in order to determine 
impact of multiple particle scattering on dp magnitude and 
subsequent variability of fb

X.   
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