
1 INTRODUCTION  

Solving the full Navier–Stokes equations for river 
environments remains computationally prohibitive.  
Both the spatial and the velocity scales involved in 
typical river processes are such that Reynolds num-
bers (Re) are far beyond what is computationally ac-
cessible, even for very limited portions of a river.  
Simplified versions of the Navier–Stokes equations 
are thus commonly used to predict the large-scale 
behavior of river flows, which are based upon very 
restrictive assumptions.  Shallow flow equations are 
obtained by depth-averaging the Navier–Stokes 
equations and assume that the vertical pressure gra-
dient is linear.  While such models are extremely 
useful to simulate flow in large domains using rela-
tively low computing resources, their predictions are 
first-order approximations as they imply that the ver-
tical velocity component is zero throughout the wa-
ter column, which in many cases may lead to inaccu-
rate results.  For example, 1-D models cannot 
capture lateral diffusion into the floodplain (Hunter 
et al., 2007).  Even more computationally expensive 
2-D models are unable to accurately resolve second-
order flow statistics, particularly in regions where 
the flow is highly 3D and unsteady.  Such character-
istics are often encountered in river environments, 
where the flow separates and velocity gradients are 
steep.  This occurs, for example, in river confluences 
and regions of high stream curvature (i.e. small radi-
us meanders, flow around bars and islands or hy-
draulic structures).  These modeling limitations are 
exacerbated during floods as wave propagation and 
overbank flow events introduce additional unsteadi-
ness and three-dimensionality, particularly in the 

transition region between the main channel and the 
floodplain.  Data from direct observations is thus re-
quired to calibrate and validate these models.  While 
such data could be collected from experiments con-
ducted on small-scale physical models, scaling is-
sues (i.e. Froude and Reynolds scaling incompatibil-
ity) as well as difficulties in matching Re of natural 
rivers in laboratory models limit the significance of 
experimental measurements.  Field measurements 
are thus critical to inform large scale models. 

Field measurements in rivers may often require 
long and expensive surveys. Costs due to technical 
challenges and potential hazards may become unsus-
tainable, especially during flood events.  Extreme 
hydrodynamic loads due to high flow discharges 
may tamper with traditional monitoring systems that 
are typically submerged or fixed in the vicinity of 
the water body, or deployed from moving vessels. 

In the present paper, we employ an Unmanned 
Aerial Vehicle (UAV) system to remotely, safely 
and cost effectively gain high-resolution videos of a 
river water surface.  Time-correlated images (i.e. 
image “pairs”) are extracted from the video and in-
terrogated using 2D cross-correlation methods to re-
solve the velocity field at the water surface.  The im-
age interrogation is conducted using standard 
particle image velocimetry (PIV) analysis (Adrian 
and Westerweel, 2011).   

As a result of wind load and associated turbu-
lence, a hovering UAV cannot maintain a perfectly 
fixed position.  Unlike large-scale PIV methods pre-
viously employed (Fujita et al., 1997; Bradley et al., 
2002) which relied on rigidly fixing the camera to 
static objects (e.g. bridges, posts), the image pairs 
collected from a UAV lack stability.  The UAV 
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camera motion between image pairs may introduce 
severe measurement bias.  Such motion includes: i) 
vertical mobility, which is typically maintained 
within a few meters and causes the lowest bias on 
the measurements; ii) horizontal translation (i.e. 
drift), which can be significant as the entire motion 
is reflected as bias on the water surface measure-
ments; and iii) rotation around the vertical axis, 
which causes uniformly distributed measurement er-
ror across the image that is thus particularly difficult 
to identify and correct.  Particular care has been tak-
en to maximize the stability of the UAV during 
flight in order to minimize camera motion, not only 
between image pairs but also between all the images 
of a sequence survey.  It was found that camera mo-
tion is unavoidable and thus systematically present 
due to the light weight of commercial UAVs.  A sig-
nificant portion of the work reported herein was ded-
icated to developing a robust image processing 
method that allowed elimination of such motion by 
rectifying the images.  This paper describes the 
method and reports preliminary results obtained 
through a river survey.  

2 METHOD 

2.1 Measurement system 
The measurement system developed herein con-

sisted of a commercial UAV equipped with a high-
resolution action camera (see Figure 1).  A quadcop-
ter (TurboAce Matrix-I RTF) was employed for this 
study. Unlike fixed wings UAVs, copters allow hov-
ering, which is key for first-order stabilization of the 
video.  A GoPro camera (model, Hero3 black) 
mounted at the front of the quadcopter provided 
high-resolution aerial images (12 Mp).  The acquisi-
tion frame rate and image resolution could be adjust-
ed to properly capture displacements and maximize 
the velocity dynamic range.  For the case study re-
ported herein, images with a resolution of 1080 x 
1920 pixels were collected at 60 frames per second.  
Particular care was dedicated to maximize the quali-
ty of the images.  A polarizing filter was placed in 
front of the lens to eliminate the glare from the water 

surface.  Although the wide angle lens of the camera 
(range: 14-28 mm focal lens) has some filming ad-
vantages as it allows wide FOVs while flying at rela-
tively low altitudes, it also introduces severe spheri-
cal image aberration.  Such aberration is detrimental 
to velocimetry applications and thus must be cor-
rected.  The GoPro Studio® software was used to 
dewarp the images.   

Camera motion due to vibration and UAV drift-
ing was found to be the major source of video deg-
radation.  In order to tackle this problem, several so-
lutions were adopted.  First, the camera was 
mounted on a brushless 2-axis gimbal system (Gy-
ros-3) which maintained the camera axis of view in 
the vertical direction.  A flight controller (Naza-M 
V2) was used to optimize the self-stabilization of the 
UAV and to actively and promptly control the gim-
bal operation.   

A 22K LiPo battery allowed flights of approxi-
mately 40 minutes in duration.  This deployment 
time was in part used to fly to and from the meas-
urement destination and fine-tune the position of the 
UAV.  The objective was to include static objects 
within the FOV in order to utilize them as references 
to measure the relative velocity of the surrounding 
fluid.  In our tests, we decided to include within the 
FOV a bridge spanning the river and simultaneously 
one of the banks in order to accurately geo-reference 
the images.  During the flight, the images were 
stored on a 32GB UHS microSD card and subse-
quently processed. 

An example of an aerial image taken during our 
survey is shown in Figure 2.  The image was dew-
arped to eliminate lens aberration.  As mentioned, 
the bridge at the center of the image and the bank to 
the right are used as static reference to rectify the 
video (see results below).  The foam offers a decent 
amount of water surface texture whose motion can 
be tracked by comparing subsequent frames of the 
video.  The wind was estimated to be in the range of 
4-6 ms-1. 
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Figure 1. Photo of the UAV-PIV system developed in this 
work (Turbo ACE®).  
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Figure. 2 Aerial image of the survey location taken from the 
UAV hovering at an altitude of approximately 40 m. The 
bridge and the bank are included within the FOV. The direction 
of the bulk flow is indicated by the arrow. The white regions 
represent the foam produced by the water fall at the weir up-
stream of the bridge.   



2.2 Image interrogation 
Image pairs were extracted from the sequence by 

defining the most appropriate time delay.  Image 
pairs were then interrogated using the PIV technique 
which is based upon 2D cross-correlation analysis.  
Due to the poor nature of the water surface texture, 
relatively large interrogation windows were used for 
this case.  A processing scheme based upon a recur-
sive, multipass interrogation, was adopted.  Such an 
interrogation approach produced instantaneous ve-
locity maps of the water surface.  This enabled reso-
lution of the complex two-dimensional flow field of 
the water surface over expansive areas.   

2.3 Image rectification 
Due to UAV drift, a key component for success-

ful velocity measurements is elimination of camera 
motion.  Thus, all the images of the sequence were 
rectified prior to interrogation using a specially de-
veloped method.  The image rectification is based 
upon a class of image analysis methods called Scale 
Invariant Feature Transform (SIFT) (see Mikola-
jczyk & Schmid, 2001; Lowe, 2004; Ke & Sukthan-
kar).  These methods, widely used for pattern recog-
nition and image registration applications, are based 
on detection of “features” from two images and on 
the identification of matches (Muja and Lowe, 
2009).  Features can be defined as regions of the im-
age that have unique character.  A feature can be ex-
tracted from the image together with a number of 
properties that include its neighborhood that repre-
sents its “finger prints” and are collectively termed 
the “descriptor”.  Such information contained in the 
descriptor can then be used to identify a specific fea-
ture on two different images.  This approach as-
sumes that the feature finger prints remain locally 
invariant, meaning that they do not vary even in the 

presence of rotation and scale change.  The rectifica-
tion algorithm we implemented automatically cor-
rects for any accidental motion that may occur dur-
ing flight.   

Due to the unique nature of our application, a 
customized protocol was developed as part of this 
work in order to rectify the images prior to interro-
gation of the image pairs.  A schematic of the meth-
od is shown in Figure 3.  A particular frame (1st 
frame of the sequence) was selected as a reference 
and all subsequent frames were registered relative to 
this reference.  Static regions (i.e. bridge and river 
banks) were manually selected on the reference 
frame and a number of features were detected and 
extracted.  Features were extracted using optimized 
algorithms implemented in Matlab®.  These includ-
ed: Features from Accelerated Segment Test (FAST) 
algorithm (see Rosten & Drummond, 2006) and 
Speeded-Up Robust Features (SURF) (see Bay et al., 
2008).   

 

3 RESULTS 

Tests were conducted on the Saint Joseph River 
(Indiana, USA) to demonstrate the utility of the 

Figure 4. Survey location (proximity of downtown 
Mishawaka, Indiana). The photos are extracted from Google 
Earth and represent: a) Saint Joseph river at the survey loca-
tion; b) detail of the survey location. The dashed rectangle 
represents the field of view of the aerial images collected by 
the UAV. 

Figure 3.  Schematic of the im-
age analysis method imple-
mented to obtain the image rec-
tification.  



method and to optimize both the measurement and 
the image analysis protocols (see Figure 4a).  Fig-
ure 4b shows a detailed view of the particular loca-
tion chosen for the tests reported herein.  A section 
of the river where the flow presents natural foam 
was identified to maximize the natural water surface 
texture that is key to image-based velocimetry ap-
proaches.  Such foam production is typical of lateral 
flows occurring during extreme floods in proximity 
of failing levee and overbank flows, for example.  
These situations are of particular interest for this 
study due to the complex flow that they produce that 
cannot accurately be predicted by current models.   

As mentioned earlier, in order to assess the UAV 
stability of the video, a bridge was included within 
the FOV.  Figure 5 reports an example that clearly 
highlights the magnitude of the UAV drift occurring 
over a number of image frames.  Two images are 
superimposed using different colors to identify the 
image shift caused by the UAV drift.  The reference 
frame (1st image) is shown in red while the nth frame 
is shown in blue.  Focusing on the bridge, it is noted 
that static objects are in fact moving upwards in the 
image.  This anomaly signifies that the UAV is mov-
ing in the opposite direction.  The magnitude of this 
drift is about 2 m over a time period of 0.4 sec.  Fo-
cusing on the foam on the water surface, it is noted 
that it is also moving upward in the image.  Thus, if 
we simply tracked the motion of the foam using the-
se two frames as image pairs without regard to the 
obvious UAV drift, we would erroneously find that 
the water is moving upstream.  This example high-
lights the importance of correcting for such bias in 
order to quantify the true flow velocity field.  Alt-
hough this example represents an extreme drifting 
case, it is worth noting that even small drifts intro-
duce significant bias.   

Figure 6a shows an example of the velocity field 
obtained by interrogating uncorrected image pairs 
during an imperceptible drifting event.  This exam-
ple illustrates that the presence of foam produced by 
the waterfall and the texture of the bridge together 

provide sufficient information for the image interro-
gation algorithms to be effective.  This allowed us to 
assess the accuracy of the velocity field.  Figure 6b 
shows a detailed view of the bridge.  The cross-
correlation analysis shows that the pixels corre-
sponding to the bridge are shifting, indicating that 
the UAV is not static and that the water velocity 
field computed is in fact erroneous.  Further, the 
shift is not uniform, suggesting that the motion of 
the UAV may be more complex than a simple trans-
lation, meaning that rotation and upward motion 
may also be present.  These results show that rectifi-

Figure 5. Example showing the motion of the UAV producing 
a large motion of the bridge. Two frames of a sequence are su-
perimposed using colors to identify moving objects: red indi-
cates the 1st frame, which is used as reference frame; blue in-
dicates an nth frame of the sequence.  

Figure 6 Example of velocity field obtained using the unrecti-
fied images.  



cation of the images is extremely important in order 
to obtain meaningful flow velocity fields.   

An example of application of the image rectifica-
tion method is reported in Figure 7.  Both FAST and 
SURF points are detected.  In the reference frame, 
these points are searched for only in the static re-
gions which, in this case, are represented by the 
bridge and the river bank.  The results of this search 

are shown in Figure 7a where the center of the fea-
ture is plotted together with the radius of the sur-
rounding neighborhood that constitutes the relative 
descriptor.  The same types of features are then 
searched in the nth frame and the results of this 
search are shown in Figure 7b.  Figure 7c presents 
the output of the matching process that identifies 
features with the same descriptor. This processing 
step allowed us to compute the transformation to ap-
ply to the nth frame in order to ensure that the pixels 
on the static objects collapse.  A result of such a 
computing step is reported in Figure 7d showing 
that, after the rectification, the bridge is static while 
the foam on the water is moving in the correct direc-
tion.  A detailed view of the rectification result is re-
ported in Figure 8, demonstrating the accuracy of the 
method.  No red or blue areas are observed on the 
bridge, meaning that all the pixels on this object per-
fectly collapse.  This result allowed us to move for-
ward with the image pair interrogation.   

An example of an instantaneous velocity field ob-
tained using rectified images is presented in Fig-
ure 9.  This result was obtained using a relatively 
coarse interrogation spot size (final pass: 96 x 96 
pixels) that produced a velocity vector approximate-
ly every meter.  Such resolution allows identification 
of the structure of the flow which, as expected, pre-
sents higher velocities closer to the waterfall (top of 
the FOV).  The kinetic energy provided by the wa-
terfall is quickly dissipated by turbulence that occurs 
within a certain depth from the water surface.  This 
result illustrates that, close to the waterfall, the high 
momentum is concentrated near the center of the 
channel.  The momentum is then redistributed, mov-
ing downstream, and produces more uniform 
spanwise velocity profiles.  

4 CONCLUSIONS 

A novel large-scale flow measurement technique 
that couples UAV technology with image-based ve-
locimetry has been developed for river applications.  
The system aims to remotely, safely and cost-

a) 

b) 

c) 

d) 

Figure 7. Sequence showing the results of the image rectifica-
tion method applied to frame nth: a) feature detection on ref-
erence frame; b) feature detection on nth frame; c) feature 
matching; the same representation used in Figure 5 is used 
here to show the two images; the yellow lines represent the 
connection between matching points; d) results of image 
transformation. 

Figure 8. Example of final result of image rectification. Refer-
ence frame is red; nth frame is blue.  



Figure 9. Example of instantaneous velocity field obtained 
at the survey location. The vectors, color-coded with the ve-
locity magnitude, indicate the local velocity. In the back-
ground, the second frame of the image pair is reported.  

effectively gain high-resolution and time-resolved 
images of the water surface.  The images are interro-
gated using standard 2D cross-correlation analysis to 
resolve instantaneous surface velocity fields.  A sys-
tem based on commercial equipment has been de-
vised and demonstrated herein.  A quadcopter and 
high resolution camera have been successfully used 
to collect aerial images of a river flow.  A test was 
conducted on the Saint Joseph River (Indiana, USA) 
that produced a series of high-resolution velocity 
maps of flow downstream of a weir that demonstrate 
the vast potential of this remote-sensing method.  
This study has particularly shown that UAV drifting 
introduces severe bias that must be corrected prior to 
implementing image interrogation methods, other-
wise erroneous velocity magnitude and directions 
will be produced.  An image rectification protocol 
based upon scale invariant feature transform (SIFT) 
methods has been provided herein.  The protocol 
was tested and its accuracy was qualitatively as-
sessed.   

Systems such as that described herein can theoret-
ically be deployed for long periods of time for col-
lecting data samples that are statistically significant, 
or for continuous monitoring during highly transient 
events.  Such monitoring is key to informing and 
calibrating large-scale CFD models that can accu-
rately predict potential emergency scenarios during 
flooding events.  In addition, during extreme natural 
events, data can be collected with no risk to human 
operators.   
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