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ABSTRACT

Flow-regulated stormwater ponds providing safe outflow discharges prevail as the primary stormwater management tool for stream protec-
tions. Detailed pond geometries are essential metrics in pond monitoring technologies, which convert the point-based water level
measurements to areal/volumetric ponding water estimations. Unlike labour-intensive surveys (e.g., RTK-GNSS or total stations), UAV-photo-
grammetry and airborne-LiDAR have been advocated as cost-effective alternatives to acquire high-quality datasets. In this paper, we compare
the use of these two approaches for stormwater pond surveys. With reference to RTK-GNSS in-situ observations, we identify their geometric
and hydraulic discrepancies based on six stormwater ponds from three aspects: (i) DEMs, (ii) stage-curves and (iii) outflow discharges. Three
main findings are outlined: (i) for wet ponds where moisture environments are dominant, UAV-photogrammetry outperforms (infrared) air-
borne-LiIDAR, where airborne-LiDAR yields 0.15-0.54 NSEqui0w, Which is unacceptable; (i) for dry ponds, UAV-photogrammetry obtains
0.88-0.89 NSEqtiow @S POOr vegetation penetrations; two correction methods (i.e., grass removal and shifted stage-curves) are proposed,
indicating good alignment to RTK-GNSS observations and (jii) UAV-photogrammetry delivers <0.1 m resolution in outlining break-line features
for stormwater pond structures. With significant economic advantages, the multi-UAV collaborative photogrammetry would address the
shortcomings of a single UAV and thus pave the way for large urban catchment/watershed survey applications.

Key words: airborne-LiDAR, outflow discharges, stormwater ponds geometrics, stream protections, structure from motion, unmanned aerial
vehicles

HIGHLIGHTS

UAV-photogrammetry outperforms airborne-LiDAR in wet ponds.

UAV-photogrammetry yields underwater elevations and is insensitive to groundwater variations.
UAV-photogrammetry does not perform so well as airborne-LIDAR in dry ponds.

The proposed two correction methods resolve vegetation errors well in UAV-photogrammetry.

The multi-UAVs collaborative photogrammetry has the potential to address identified shortcomings.

This is an Open Access article distributed under the terms of the Creative Commons Attribution Licence (CC BY 4.0), which permits copying, adaptation and
redistribution, provided the original work is properly cited (http://creativecommons.org/licenses/by/4.0/).
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1. INTRODUCTION

Urbanizations with increased impervious areas and reduced infiltrations intensify human interferences towards the urban
hydrological cycle, which poses substantial threats towards stream ecosystems, including flood risks (Hundecha & Bardossy
2004; Suriya & Mudgal 2012), water-quality degradations (Liu ef al. 2019a, 2019b), and stream channel erosions (Arnold &
Toran 2018). To mitigate these side-effects, flow-regulated stormwater ponds with active/passive flow actuators (e.g., valves,
gates and pumps) providing safe outflow discharges towards streams have been considered as a feasible solution to protect
stream ecosystems. As the primary stormwater management tool, stormwater ponds can be classified into dry and wet
ponds, and both ponds provide extended storage volumes as well as regulated outflow discharge towards streams (Emerson
et al. 2005). During extreme precipitations, these stormwater ponds delay and reduce the flood peak flow downstream, and
thus protect the stream from erosion with the reduced hydraulic peak loads. During dry weather, wet stormwater ponds main-
tain surface water at a constant level, also referred as to ‘constant storage volume’. This detention process provides sufficient
residence time allowing for sedimentation, thereby resulting in degraded organic matters, such that debris and other pollu-
tants are reduced as much as possible before the next discharge.

Pond discharge monitoring is critical for quantifying the associated hydraulic loads and evaluating their pollutant-removal
performances. Regardless of different regulation devices in various local conditions, Thomsen (2019) proposed a measuring
method that can convert water level measurements into discharges. This approach demonstrates a cost-effective monitoring
approach addressing the demands of the installation of many real-time sensors at multiple sites among large-scale real-time
stormwater control systems. However, prior knowledge of detailed stormwater pond geometries is required for this method.
Furthermore, according to Li (2020), construction errors, post-construction, sedimentations and erosions can change pond
geometries considerably over the years, which further results in degraded pollutant-removal capabilities and weakened
flood mitigation capabilities. Hence, cost-effective, accurate and timely survey technologies are needed to obtain updated
in-situ stormwater pond geometry.

As opposed to the labor-intensive in-situ surveys using Real-Time Kinematic positioning Global Navigation Satellite Sys-
tems (RTK-GNSS) or total stations (Bandini ef al. 2020), remote sensing technologies, including manned aircraft and
unmanned aerial vehicles (UAVs) mounted with various sensors (e.g., RGB camera and light detection and ranging), have
been advocated as superior survey options to acquire high-resolution datasets concerning geological and hydrological surveys.
This includes, for instance, vegetation/soil observations (Geipel ef al. 2014), forestry surveys (Chou et al. 2010; Wallace et al.
2012), disaster monitoring (Dominici et al. 2012; Chen et al. 2014) and fluvial morphological changes monitoring (Flener
et al. 2013; Eltner et al. 2015; Tamminga ef al. 2015a, 2015b; Langhammer & Vackova 2018). Recently, their applications
have been expanded towards urban water fields including flow velocimetry (Kddb & Leprince 2014; Perks ef al. 2016), over-
land flow modelling (Leitdo ef al. 2016; Zhao et al. 2022), urban flood mapping (Feng ef al. 2015; Gebrehiwot & Hashemi-
Beni 2020, 2021) and flood risk assessments (Rivas Casado et al. 2018; Karamuz et al. 2020; Li et al. 2021; Trepekli et al.
2022).
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To identify a cost-effective remote sensing technology that reveals stormwater pond geometries in detail, we compared air-
borne-LiDAR and UAV-photogrammetry technologies, taking RTK-GNSS as the references. To reveal their discrepancies, we
first compared the geometric accuracy in terms of Digital Elevation Models (DEMs) and stage-curves. Then, we further dis-
tinguished their hydraulic impact towards outflow discharges. Six stormwater ponds of different sizes, types (i.e., dry/wet),
vegetation statuses and catchment characteristics were selected as study cases.

2. MATERIALS AND METHODS
2.1. Selected stormwater ponds

We chose a Danish site called ‘Sender Tranders’ in Northern Jutland, see Figure 1. Accounting for various pond sizes, pond
types (wet/dry), vegetation statuses and service catchment characteristics, six stormwater ponds in this site were selected, see
Table 1.

2.2. UAV-photogrammetry

UAVs, which refer to lightweight aircraft operated without human pilots onboard, have been advocated as a preferential
remote sensing option (Bandini ef al. 2020). In contrast to orbital satellites or manned aircraft, UAVs involve considerably
lower costs while offering flexible options (i.e., flight time schedules, weather conditions, observation altitudes and speeds)
and acquiring centimeter resolution accuracies (Pajares 2015). With low-cost deployments, UAVs can revisit the same site
frequently, thus being better at capturing the temporally dynamic changes, particularly for small objects (e.g., streams and
ponds). In this study, we selected the DJI Mini 2 (DJI, China 2021), see Supplementary Figure Al. This platform is a foldable
quadcopter Mini-UAV, and weights 249 g including the three components for the photogrammetry: (i) a 4K high-resolution
RGB image sensor (i.e., 12 million Pixel 1/2.3” frame size CMOS) capturing 4,000 x 2,250 72 dpi resolution images;
(ii) a 3-axis gimbal (i.e., tilt, roll and pan) providing sensor stabilizations concerning turbulence conditions and (iii) the
wind resistance ability (i.e., 8.5-10.5 m/s wind speeds) gaining successful high-quality image acquisitions.

The structure from motion (SfM) approach was applied, which is the construction of the 3D scene from multiple pictures of
the same feature taken in various angles merely by moving around the image sensor (Ullman 1979). SfM resolves the camera
positions and orientations automatically without prior knowledge of the poses and 3D locations of the camera, and is thus
considered to be a low-cost, effective tool for many geoscience applications (Lowe 1999; Westoby ef al. 2012). However, with-
out direct georeferencing the scale and orientation to the true absolute coordinates, 3D point clouds from SfM reflect a
relative ‘image-space’ coordinate system, only. To align such datasets to the real-world, ground control points (GCPs) are
required.

We conducted 18 flights at three flight altitudes (i.e., 20, 40 and 60 m) in the weather conditions either sunny days or over-
casting days. According to Leitdo ef al. (2016), low-altitude flights distinguish high-quality details with small ground sampling
distances (GSDs). However, to reach the same degree of image overlapping as the high-altitude flights, the low-altitude flights
must incorporate more photos, thus boosting SfM computation significantly (e.g., big Ponds 5 and 6). Otherwise, the poor
overlapping images result in numerous void cells due to image miss-matching (Supplementary Figure A2). Hence,
UAV-photogrammetry in the flight altitude of 60 m was selected. Based on Agiiera-Vega et al. (2017a, 2017b), 15 GCPs
were chosen for calibrations thus ensuring high horizontal and vertical accuracy. Agisoft Metashape Professional (version
1.7.2) was used to perform SfM, where the default settings were used (Agisoft Metashape User Manual 2021). Detailed
flight parameters, GCP locations, image overlapping and SfM processing time are provided in Supplementary A. The
GCPs for UAV-photogrammetry were collected using the RTK-GNSS presented in Section 2.4.

2.3. Airborne-LiDAR

Airborne light detection and ranging, also referred to as airborne laser scanning (ALS), provides high-density and high-accu-
racy 3D point cloud dataset acquisitions. With direct georeferencing techniques, it generates a cloud of laser range
measurements, thus intuitively reflecting detection objects in three-dimensional coordinates (Liu 2008; Yan ef al. 2015).
With a strong penetration capacity, LIDAR can measure the profile of the terrain suppressing the vegetation interference.
So, airborne-LiDAR has been acknowledged as a cost-effective solution for obtaining large-scale terrain survey and forest
survey applications, as well as input for urban flood modelling, for instance: DEMs generations (Liu 2008), forest structure
mapping (Hopkinson 2007), 3D building modelling (Wang 2013) and urban flood modelling (Mason ef al. 2007; Tsubaki &
Fujita 2010; Balstrom & Crawford 2018; Zhao et al. 2021).
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Figure 1 | The location of ‘Sender Tranders’ in Northern Jutland of Denmark and aerial images for six stormwater ponds. Base map is

Journal of Hydroinformatics Vol 25 No 4, 1259

80°0.000'W 120°0.000'E 40°0.000'W 160°0.000'E 0°0.000" 160°0.000'W 40°0.000'E
= e = . = —=
[o2]
o
S
o
S
=
) N
3 4 .Do
f = o
| o
Bl <2
wn
,; -
D >\»

) = o
; iR I8 | S
E RS 0.5 15  2km ’ SE
e 3 : =

f I } I| = T
80°0.000'W 120°0.000'E 40°0.000'W 160°0.000’E 0°0.000’ 160°0.000'W 40°0.000'E

Pond 2

Pond 3

50
Meters

Meters

available from OpenStreetMap (Maps.stamen.com 2021) and GeoDenmark orthophoto 2020 (SDFE 2020).

Downloaded from http://iwaponline.com/jh/article-pdf/25/4/1256/1264360/jh0251256.pdf
bv AAl BORG LINIVERSITY user

80 0
Meters



Journal of Hydroinformatics Vol 25 No 4, 1260

Table 1 | General geographic information table for six stormwater ponds

Pond  Area Volume  Pond service catchment  Elevations slopes Vegetation Max. Mini. Constant water
No. (m?) (m?) type type (m) (%) status elevation (m)  elevation (m) levels (m)
1 249 325 Dry Commercial/ 15.68 + 23.13 + High 16.88 14.69 X
Parking lot 0.53 19.92
2 266 185 Wet Residential 20.19 + 8.98 + Low 20.82 19.90 19.90
0.24 6.76
3 986 2,000 Dry Residential/ 947 + 28.11 + Medium 11.55 7.86 X
Expressway 0.99 18.37
4 305 150 Wet Residential 2244 + 6.64 + Low 2291 222 22.29
0.19 6.99
5 2,679 3,200 Dry Residential/ 13.44 + 12.06 + Low 14.89 12.73 X
Expressway 0.57 9.04
6 3,527 9,500 Wet Commercial/ 11.87 + 897 + High 14.75 11.0 1141
Expressway 0.63 11.03

Note: Elevations and slopes were calculated based on the ground RTK-GNSS, and the vegetation status was determined based on the in-situ observations.

In Denmark, the aerial observations of airborne-LiDAR were carried out by the Danish Agency for Data Supply and Effi-
ciency (SDFE 2021a, 2021b) via the Danish Basic Data Program 2021. The nationwide airborne scanning task of LiDAR
cloud points was collected by four aeroplanes from the years 2014 to 2015 in three leaf-off seasons (i.e., autumn 2014,
spring and autumn 2015) on cloud-free days. The LiDAR sensors mounted on these aeroplanes mainly include a RIEGL
VQ-780i sensor, supporting multiple target detections in various environments, ultra-wide area/height detections and
ultra-high point density mapping (e.g., 2.66 million points/second). In this way, the point density of >4 ppm? was strictly con-
trolled on the overall dataset. Besides, in order to fit for the specific purpose of the long-range aerial topographic scanning
task other than the bathymetry survey, LIDAR sensors were performed at infrared spectrum (i.e., 1,550 nm wavelength)
thus obtaining surface terrain measurements with good penetration to atmospheric haze, dust, and vegetation at relatively
low costs. For the same reason, the presented LiDAR results in this study are referring to the infrared-LiDAR unless specified
in bathymetric/green-beam LiDAR. After calibration against GCPs, vertical accuracy of <6 cm and horizontal accuracy of
<15 cm are ensured according to DEM product specification v1.0.0 (SDFE 2020). However, due to excessive expenses,
the national LiDAR cloud points have only been updated every 5 years since 2018. In this study, the airborne-LiDAR
cloud point blocks covering the six ponds were collected from the 2-day flight tasks on April 5th and 6th, 2015 and the
next LiDAR scanning is scheduled for 2023.

2.4. Ground RTK-GNSS validations

We conducted in-situ observations using the Leica Viva GNSS GS08 receiver setup (Leica Geosystems 2021), which is con-
sidered as the benchmarking results. This setup consists of three components: Leica Viva CS10 field controller, GLS 30 pole
and GS08 antenna, see Supplementary Figure B. RTK-GNSS provides centimetre-level accuracy (Horizontal: 5 mm; Vertical:
10 mm). In our field works, the point-wise measurement uncertainty was controlled to be less than 2 cm. By employing
1 m-resolution rectangular grids for RTK-GNSS point positioning, a 1-2 ppm? density was ensured for RTK-GNSS datasets
(see Supplementary Figure B).

2.5. Data processing and comparison experiment designs

The general data processing was carried out following four steps, see Figure 2. The pond datasets collected from the three
survey technologies were stored as LiDAR point clouds in LAS file formats. The raw LiDAR point cloud datasets were
pre-processed by Danish Agency for Data Supply and Efficiency. The classification was conducted using Rapidlasso’s LAS-
tools software, where 11 LAS classes (i.e.,, ground, water, vegetations, buildings, roads, railways, bridges, power lines,
construction cranes, other surfaces, and noise/artifacts) were divided. Besides, to denoise LiDAR datasets, the voxel grid
filter was applied to remove for instance, bird flocks. Furthermore, the data quality control was performed by having
expert inspections as well as by validating against the other support geodata layers (e.g., ortho imagery, topographic map,
building footprint/roads vectors and water body vectors). To convert them into DEMs, we used the ArcGIS’ Make LAS
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Step 1 Acquire 3D Point Clouds

v

Step 2 Convert to DEMs

v

Step 3 Generate Stage-Curves

v

Step 4  Derive Outflow Discharges

Figure 2 | General workflow, where shaded grey boxes illustrate the steps for data processing.

Dataset Layer tool to extract the LAS points belonging to the specific laser returns (i.e., first/last return for extracting non-
ground/ground points). Here, LIDAR DEMs were derived from the last return laser pulse only, thereby excluding vegetation
elevations in stormwater ponds. Then, ArcGIS’ LAS Dataset to Raster tool converted 3D point clouds into DEMs (i.e., digital
surface models/digital terrain models). Thereafter, the stage-curves were generated from DEMs based on a Python custo-
mized script. This algorithm, also referred as to ‘multilevel slicing volumetric analysis’ (Liu ef al. 2010; Wang & Yu 2012),
iteratively computes the water areas/volumes for each step when increasing the water level at a constant incremental, the
process of which starts from the specified minimum elevation value until the specified maximum elevation value is reached.
With pond geometries described by stage-curves, outflow discharges were derived from the Storm Water Management Model
(SWMM), accounting for catchment inflows.

According to the workflow, the UAV-photogrammetry datasets were compared to the airborne-LiDAR ones at four levels:
(i) 3D point clouds comparison, where discrepancies in point-wise accuracy were identified; (i) DEMs comparison, where
void cells and cell elevation accuracy were investigated; (iii) stage-curve comparison, where volumetric discrepancies were
addressed and (iv) outflow discharges, where hydraulic performance discrepancies were emphasized. As suggested by Section
2.4, RTK-GNSS obtains the highest measurement accuracy, and therefore, its associated products were all taken as consistent
references. The 3D point cloud comparisons and their corresponding results are presented in Supplementary Figure C.

To maintain consistency, DEMs comparisons were conducted as follows. Firstly, we employed 1-m rectangular grids as the
consistent grids to collect the elevation samples from all three 3D point cloud datasets. Secondly, the average was applied as
the aggregation method to determine the cell values in DEMs. Lastly, we deliberately kept the void values in DEM without
applying extrapolation methods, such that ‘out-of-reach’ spots due to the differences in using active/passive sensors could be
identified and further discussed. For elevation difference comparisons, the vertical discrepancies in DEMs were computed by
subtracting RTK-GNSS DEMs from the DEMs derived from the other two approaches. Here, the comparison extent was kept
identical based on the intersection of comparison datasets, thereby excluding void cells.

The water stage-areas/volumes curves, also referred to as ‘stage-curves’, describe the relationship between water surface
areas/water volumes and the water levels in ponds. Water level gauges can retrieve water level variations cost-effectively,
therefore, stage-curves are used to translate the current water surface areas/water volumes based on the measured water
level. To maintain comparison consistency, we used identical minimum elevations and identical maximum elevations
sampled from the six ponds using RTK-GNSS, see Table 1. In addition, the identical incremental value of 2 cm was used.
Due to volumetric computations, void cells in DEMs are considered as occupied volumes in the algorithm, and are thus
excluded from volumetric estimations. To avoid this, three types of void cells were classified: (i) void cells in LiDAR
DEMs due to miss-reflections from surface water; (ii) void cells in UAV-photogrammetry DEMs due to shaded areas; (iii)
void cells in ground RTK-GNSS DEMs due to the territorial accessibility issues (e.g., access to water surfaces and high veg-
etations). So, the void cells (i) and (iii) (water surfaces) for water surface areas were first filled up by assigning constant water
level values sampled from the lowest adjacent ‘water-edge interface’ elevations (Bandini ef al. 2020). Then, the void cells (ii)
and (iii) (vegetations) were patched by assigning averaged elevation values based on their neighbouring cells.

To identify stormwater pond hydraulic discrepancies, three hydraulic models were established, corresponding to three
stage-curves for each stormwater pond. The EPA-SWMM was used as the 1D hydrodynamic solver (Rossman 2007).
These SWMM models consist of three components: (i) a service urban catchment for the inflow generations; (ii) a storage
node representing stormwater pond geometries using stage-curves and (iii) an orifice component for outflow discharges.
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The non-linear reservoir model was applied for inflow generations. Here, to pursue a fast urban catchment rainfall-runoff
response, 100% impervious rate and 2% slope were applied. Without having detailed stormwater pond registrations, catch-
ment sizes for six stormwater ponds were synthesized based on their measured volumes according to the Danish Intensity
Duration Frequency (IDF) curves. The maximum depths (i.e., emergency overflows) for storage nodes and initial water
levels (i.e., constant water levels) for wet ponds were determined by in-situ RTK-GNESS measurements in Table 1.
SWMM’s orifice provides adjustable opening settings which provide passive/active regulated outflow discharges (McDonnell
et al. 2020). So, the orifice was selected as the outflow discharge function to derive the hydrographs. Here, the orifices
adopted the circle geometry to mimic water break flow regulators, and their diameters were sized based on the maximum
discharge regulated by the Danish Environmental Protection Act (Miljostyrelsen 2019). In addition, a 5-year return period
box rainfall, with a constant rainfall intensity of 0.9 um/s continuing for 720 min, was synthesized. Its rainfall amounts
were deliberately controlled at certain total volumes to fill above 90% of full capacities while having no overflows, such
that pond geometric discrepancies can be reflected comprehensively by having a complete water level rising and recession
process. Furthermore, simulated periods were intentionally extended sufficiently for all ponds to empty themselves, see
Table 2.

2.6. Hydraulic metrics

To quantify the hydraulic discrepancies against the benchmark solution, we used Nash—Sutcliffe model efficiency coefficient
(NSE) and root mean square error (RMSE) as the metrics:

r 2
> (Qonss — Q)

NSE=1--=1
T ; _ 2
t_zl (QGnss — Qanss)
I ¢ ¢ 2
Z (DM - DGNSS)
RMSE = \| =L

T

where QL s is the simulated outflow discharge rate based on GNSS derived stage curves, QY is the simulated outflow dis-
charge rate based on either UAV-photogrammetry or airborne-LiDAR stage curves. Qgnss is the mean of the outflow
discharge rate based on GNSS derived stage curves. Dk g is the simulated water depth based on GNSS derived stage
curves. D, is the simulated water depth based on either UAV-photogrammetry or airborne-LiDAR stage curves.

3. RESULTS

3.1. DEM results and comparisons

The results from Ponds 2 and 5 were selected as representations of six ponds hereof, where detailed Pond 1-6 results are
provided in Supplementary Figure D. Figure 3 illustrates the DEMs of Ponds 2 and 5 derived from UAV-photogrammetry,
airborne-LiDAR and ground RTK-GNSS, respectively. In contrast to the 1 m resolution of ground RTK-GNSS, the other

Table 2 | SWMM model setup parameters

Impervious Flow width Slope Max. depth orifice Max. discharge Simulated periods
Pond ID catchment area (ha) (m) (%) (m) diameters (m) (L/s) (days)
1 1.1 104.8 2 2.166 0.025 5 2
2 0.4 70.7 2 0.911 0.015 1 4
3 6 245 2 3.649 0.050 11 4
4 0.3 67 2 0.614 0.015 1 4
5 85 291.5 2 2.136 0.050 20 6
6 21 458.3 2 3.307 0.080 36 6
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UAV-photogrammetry DEMs
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Figure 3 | DEM results obtained from UAV-photogrammetry (0.02 m), airborne-LIDAR (0.5 m) and ground RTK-GNSS (1 m) in Ponds 2 and 5,
where red lines represent pond boundaries, and transparent pixels above the base map within boundaries represent for void cells. Please
refer to the online version of this paper to see this figure in colour: https://dx.doi.org/10.2166/hydro.2023.178.

two approaches demonstrate considerably higher resolutions (i.e., 0.4 m for airborne-LiDAR and 0.02 m for UAV-photogram-
metry), thus incorporating more details for the stormwater ponds with significantly higher point densities. Notably, with
sub-centimeter resolution of <2 cm, the geometrics of three outflow structures for Pond 5 are clearly distinguished from
the UAV-photogrammetry DEM. Here, UAV-photogrammetry demonstrates significant advantages over conventional topo-
graphic technology (i.e., ground RTK-GNSS or total stations), whereas ground RTK-GNSS acquires higher point-wise
accuracy of <2 cm. Besides this, substantial void cells were observed in RTK-GNSS observations spatially for Pond 3. This
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is attributed to high vegetation statuses, constant surface water and sediments that present territorial barriers resulting in inac-
cessibility issues during the field works. In contrast, the UAV remote sensing technologies carrying out the in-situ aerial
scanning from the air zone, show significant superiority. Nevertheless, the void cells were still observed in UAV-photogram-
metry and airborne-LiDAR DEMs. Because of the absorption of laser backscatter from the surface water and the moisture
regions (e.g., aquatic vegetations and saturated soils), void cells occur for the airborne-LiDAR in the case of Pond 2 (also
Pond 4 in Supplementary Figure D). As opposed to airborne-LiDAR, UAV-photogrammetry did not encounter such issues
and illustrates a robust performance towards capturing the wet pond elevations. As for UAV-photogrammetry, aside from
the artefacts due to poor image overlapping adjacent to pond boundaries, void cells were spotted nearby the canopy regions.
This was due to the shaded areas covered by canopies in Pond 2 (also Ponds 4 and 6 in Supplementary Figure D), where insuffi-
cient illumination was provided to expose those detailed features properly. However, these void cells tend to be marginal due to
the high overlapping rate for canopy areas. This is because of a high image overlap, which improves the redundancy of point
identifications, while reducing the noise and void cells in the datasets significantly.

Figure 4 shows DEM comparison between the UAV-photogrammetry and airborne-LiDAR with ground RTK-GNSS as the
benchmark. Due to the inclusion of the surface vegetation from the UAV, the comparisons show overestimation of >0.5 m in
the UAV-photogrammetry DEMs. In contrast, the airborne-LiDAR - which retrieves the ground reflections from the last
returns — delivers more precise measurements closer to RTK-GNSS. However, such offsets scale over vegetation status
thus being insignificant for Ponds 2 and 5 (also Pond 4 in Supplementary Figure D). For these cases, the discrepancies
between airborne-LiDAR and UAV-photogrammetry tend to be minor according to the corresponding boxplots. Notably,
underestimations of <-0.05 m were identified to the southern boundary of Pond 5 (as well as to the northern boundary of
Pond 3 in Supplementary Figure D) for the airborne-LiDAR. Since airborne-LiDAR DEMs were obtained from 2015, such
deviations most likely indicate a long-term sedimentation process, particularly for the low-lying locations.

3.2. Stage-curve comparisons

Figure 5 describes the comparison results of stage-curves. To intuitively understand their discrepancies, we identified the
cross-section profiles from three DEMs. Here, two cross-section profiles were selected, where cross-section A is in the long-
est-distance directions, cross-section B is perpendicular to A (see Supplementary Figure E) and a 2 cm interval distance was
used to sample the elevations. For dry Pond 5, UAV-photogrammetry demonstrates near-identical deviations of 69.51 m? from
RTK-GNSS in comparison with 72.46 m? of airborne-LiDAR. Such a result is because Pond 5 only contains low vegetation, as
it is regularly maintained by the municipality. Yet, in accordance with DEM comparison results, UAV-photogrammetry cross-
sections illustrate overpredicted elevations in the presence of the canopy for dry Ponds 1 and 3 (see Supplementary Figure E).
Accordingly, their stage-curves shift rightwards, which illustrates underestimated areas belonging to the same water levels due
to such vegetation-occupied capacities. In contrast, the airborne-LiDAR obtains higher accuracies in lower RMSEs concern-
ing the areal estimations for dry ponds. For wet Pond 2 (also Pond 4 in Supplementary Figure E), UAV-photogrammetry
provides underwater elevation estimations, which demonstrates good alignment with the ground RTK-GNSS especially for
shallow submerged regions. In contrast, airborne-LiDAR profiles illustrate highly elevated constant water levels of approxi-
mately 0.25-0.5 m higher than the RTK-GNSS. Without having laser returns from moisture regions (i.e., surface water,
aquatic vegetations and saturated soils), airborne-LiDAR most likely overestimates the constant water levels considerably
when using the ‘water-edge’ elevation method. Correspondingly, airborne-LiDAR stage-curves reproduce horizontal lines
with none-area at the given lower water levels, which results in substantial underestimations. At this point, UAV-photogram-
metry performs higher accuracies compared to airborne-LiDAR regarding RMSEs.

3.3. Outflow discharge comparison

Figure 6 illustrates the SWMM simulation results when applying three stage-area curves corresponding to Ponds 2 and
5. Figure 6(a) displays their catchment rainfall-runoff processes under the 5-year return period box rainfall. With fast catch-
ment responses, runoff discharges (0.0025-0.18 m>®/s) were derived as the inflow, which illustrates fill-up level ratios of
approximately 100% for all stormwater ponds in Supplementary Figure F. Table 3 shows a summary of the comparison
results. Due to the low vegetation of <0.1 m in Pond 5, the Pond 5 demonstrates a ‘goodness-of-fit’ of 0.99 NSE tfiow in
hydraulic simulations when compared to RTK-GNSS, as well as airborne-LiDAR. In contrast, for Ponds 1 and 3 in Sup-
plementary Figure F, UAV-photogrammetry obtained maximum depth difference of 0.346 and 0.293 m deviation from
RTK-GNSS. Corresponding to such increased water heads (depths), differences of 0.438 and 0.434 L/s in the peak flow
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Figure 4 | Pixel-by-pixel DEM difference comparisons for Ponds 2 and 5, where boxplots represent the distribution of the elevation dis-
crepancies against ground RTK-GNSS observations.
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Figure 5 | Cross-section’s locations and profiles; stage-curve comparisons. Note: Yellow lines represent RTK-GNSS, blue lines represent UAV-
photogrammetry and red lines represent airborne-LiDAR. Please refer to the online version of this paper to see this figure in colour: https://dx.
doi.org/10.2166/hydro.2023.178.

discharges were seen coming with a shorter empty time. Similar to stage-curve discrepancies, such hydraulic deviations are
caused by the raised bottom elevations (i.e., vegetation top elevation), where the occupied vegetation volumes push the water
volume upwards, resulting in the increased water heads (i.e., water depth) as well as increased outflow discharges. However,
with average vegetation height deviations of 0.3-0.4 m for Ponds 1 and 3, we consider that the discrepancies indicated by
NSEutriow Of 0.88-0.89 are minor, which illustrates acceptable accuracies. For wet Pond 2 (also Pond 4 in Supplementary
Figure F), discrepancies in terms of water depths and orifice discharges were observed when using airborne-LiDAR. This
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Figure 6 | (a) Rainfall-runoff process, where the light blue curve represents the box rainfall, and the dark blue curves represent the catch-
ment runoff discharges (stormwater pond inflows) generated from synthetic urban catchments; (b) stormwater pond hydraulic conditions,
where lower curves represent the water depth variations in stormwater ponds, while the light green area represents the fill-up ratio of the
stormwater ponds; (c) outflow discharges, where curves stand for the orifice discharges. Note: Yellow lines represent RTK-GNSS, blue lines
represent UAV-photogrammetry and red lines represent airborne-LiDAR. Please refer to the online version of this paper to see this figure in
colour: https://dx.doi.org/10.2166/hydro.2023.178.

Table 3 | SWMM hydraulic simulation results based on UAV-photogrammetry and airborne-LiDAR in comparison against ground RTK-GNSS in
terms of orifice discharges and stormwater pond water depths

NSEoutfiow RMSEgepth (M) Peak flow difference (L/s) Max depth difference (m)

Pond Airborne- UAV- Airborne- UAV- Airborne- UAV- Airborne- UAV-

D LiDAR photogrammetry LiDAR photogrammetry LiDAR photogrammetry LiDAR photogrammetry
1 0.98 0.88 0.062 0.217 0.096 0.438 0.073 0.346

2 0.54 0.87 0.117 0.071 0.061 0.054 0.127 0.112

3 0.99 0.89 0.049 0.245 0.073 0.434 0.048 0.293

4 0.15 0.70 0.114 0.089 0.072 0.080 0.132 0.145

5 0.99 0.99 0.024 0.028 0.106 0.190 0.020 0.036

6 0.78 0.98 0.023 0.108 1.951 1.282 0.283 0.183
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is ascribed to the elevated bottom elevations from moisture regions presenting occupied bottom volumes, thereby resulting in
hydraulic overestimations. Notably, as opposed to UAV-photogrammetry, such moisture interferences lead to significantly
poor fits in 0.54 NSEquiow for Pond 2 (also 0.15 NSE 0w for Pond 4), which is unacceptable. Therefore, airborne-
LiDAR is considered not suitable for wet stormwater ponds.

To mitigate vegetation impacts when implementing UAV-photogrammetry, two solutions are proposed: (i) grass removal
approach, where grasses are removed physically before conducting UAV-photogrammetry or ii) shifted stage-curves
approach, where stage-curves with grasses are shifted parallelly towards the direction of minimizing interception differences
(i.e., vegetation height offsets from ground elevations). Here, Pond 3 - which represents medium vegetation status — was
selected to test these two approaches. Figure 7 illustrates the geometric and hydraulic comparison study between before-
grass removals and after-grass removals. The results demonstrate considerable improvements in the quality of DEMs after
the grass removal. Without having vegetation visual blocks, the void cells due to the shaded canopy were reduced substan-
tially in UAV-photogrammetry. Also, the hydraulic structures (i.e., inlet/outlet) were more visually distinguishable from
DEMs, as well as from orthomosaic images. The stage-curves after grass removal presents goodness-of-fits against the
RTK-GNSS observations, where vegetation height offsets were eliminated significantly compared to the one with grass. More-
over, the hydraulic deviations corresponding to vegetation side-effects were eliminated, where hydrographs (i.e., orifice
discharges and water depths) indicate good fits against RTK-GNSS. Notably, the shifted stage-curve approach also demon-
strated good alignment with the benchmarks delivering competitive accuracies regarding the grass removal approach.

4. DISCUSSION

The presented remote sensing technologies including UAV-photogrammetry and airborne-LiDAR demonstrate strong compe-
tencies in determining pond geometrics as well as hydraulics across selected stormwater ponds. Their strengths, weakness
and associated potentials are discussed below in the context of dry ponds, wet ponds and general comparison.

4.1. Dry ponds comparison

According to the comparison results for dry Ponds 1, 3 and 5, it is evident that the airborne-LiDAR delivers superior perform-
ance in obtaining the ground elevations as compared to UAV-photogrammetry over vegetated terrains. This finding is in
accordance with most existing literature (Gil et al. 2013; Jayathunga et al. 2018; Moudry et al. 2019). Due to its poor
canopy penetration capacity, the ground visibility of the UAV-photogrammetry can be reduced by the vegetation complexity,
which results in overestimated elevations of 0.2-0.4 m. Yet, such discrepancies tend to make a minor hydraulic impact of
0.88-0.89 in NSE,u10w towards the outflow discharges. Notably, since dense vegetations can disrupt the return of the
laser pulse, airborne-LiDAR is also likely to result in overestimated elevations because of the poor penetration capability
towards, for example, thatch layer and willows (0.15-0.26 m, Toyrd et al. 2003), low shrubs (0.52 m, Hopkinson et al.
2005), hummocks and bogs in peatland ecosystems (Luscombe ef al. 2015; Kalacska et al. 2021). Similarly, UAV-LiDAR
likely overestimated 0-0.3 m for short grass, >0.3 m for tall grass, 0-1 m for short shrubs and >1 m for tall shrubs (Kucharc-
zyk et al. 2018). In this sense, RTK-GNSS in fact retrieves the most accurate in-sifu ground elevation measurements
compared to these two approaches. To mitigate vegetation height deviations, regardless of geometric and hydraulic aspects,
the grass removal approach improved the performance of the UAV-photogrammetry significantly, obtaining RTK-GNSS com-
parable accuracy. In addition, it is notable that the shifted stage-curve approach suggested good alignment with RTK-GNSS,
simply by offsetting the grass stage-curve with a constant height (e.g., 0.4 m). This is not the first implementation of such a
method. According to Laronne & Wilhelm (2001), the shifted stage-curve approach was applied for adapting the sedimen-
tation processes within the reservoir thus avoiding the substantial topographic remapping costs. In this case, we assume
that Pond 3 was uniformly distributed with a constant vegetation height - albeit deviating from the reality - that yielded suffi-
cient corrections in the outflow predictions. For more complicated spatial-varying vegetation structures, we recommend
developing a regional offset-correction approach depending on UAV imagery. Firstly, such GIS-procedure may automatically
conduct segmentations based on vegetation species observed from aerial imagery. Then the corresponding height offset
ranges for each segment might be predicted from a deep learn data-driven model which learns the correlation between
image pixels, vegetation species and height offset sampled from either RTK-GNSS or airborne-LiDAR datasets. Finally,
proper height offsets may be adopted to each regional segments for corrections. Compared to the grass removal approach,
the shifted stage-curve approach is considered an easy-fix solution with considerable advantages over large-scale surveys. Fur-
thermore, as reported by Moudry ef al. (2019), UAV-photogrammetry conducted from leaf-off conditions can improve the
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Figure 7 | (@) DEMs and orthomosaic images comparisons of Pond 3 between before grass removal and after grass removal using UAV-
photogrammetry; (b) stage-curves, orifice discharges and stormwater pond water depth comparisons. Note: black pixels represent void cells.

bare-soil detection percentages and reduce the void cells significantly, as compared to the one from leaf-on conditions, where
its DEM accuracies (at 1 m resolution) were comparable to the LiDAR-derived DTM with RMSE of 0.12-0.19 m. As such,
UAV flight under leaf-off conditions were recognized as preferable options for UAV-photogrammetry survey, where time con-
strains are not prior considerations.
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4.2. Wet ponds comparisons

According to the comparison results for wet Ponds 2, 4 and 6, UAV-photogrammetry outperforms airborne-LiDAR with
respect to geometric detections as well as hydraulic simulations. This is mainly due to the moisture regions persisting in
wet environments, including surface water, aquatic vegetations and saturated soils. Since most LiDAR systems operate in
the infrared regions, LiDAR detection is particularly problematic for surface water detections (e.g., 10-35% returns at the
flight altitude of 6 m, Huang ef al. 2018) because of the weak laser backscatter after water absorption (Moudry et al.
2019). Also, aquatic vegetations and saturated soils can dampen the returning signals, thus resulting in errors ranging
from 0.14 to 0.42 m (Hopkinson et al. 2005; Luo ef al. 2015; Lovitt ef al. 2017; Moudry ef al. 2019), which is in accordance
with our results of 0.25-0.5 m. Since aquatic vegetation stands most likely persist in wet ponds and soil, nearby surface water
might be constantly saturated. UAV-photogrammetry employing a passive sensor does not encounter such issues, and is there-
fore considered more robust in moist environments compared to LiDAR. Hydraulically, such discrepancies derived from
LiDAR lead to poor fits with NSE,uniow 0f 0.15-0.54, which is unacceptable.

Interestingly, the through-water photogrammetry retrieved underwater elevations for the wet ponds in our study. Based on
existing literatures, through-water photogrammetry has been extensively implemented in the collection of bathymetric data
for the riverine and stream environment (Bagheri et al. 2015; Tamminga et al. 2015b; Woodget ef al. 2015; Dietrich 2017; Shin-
tani & Fonstad 2017; Bandini et al. 2018). However, UAV-photogrammetry tends to over-predict elevations in submerged zones
due to the refraction of light at the air-water interface. With <0.7 m shallow clear water in adequate illumination conditions, the
UAV-photogrammetry approach following refraction correction reproduces good underwater estimations, with errors of 0.004—
0.06 m compared to the bathymetric laser scanning (Woodget ef al. 2015). According to Westaway et al. (2000), in instances of
water depths shallower than 0.2 m, such effects of refraction are negligible. Notably, instead of existing water volumes under
water surfaces, we are interested in available flood detention capacities that are excess volumes above the constant water
levels. In this sense, bathymetric data acquired by through-water photogrammetry within the submerged zones might not be
of particular interest in the context of urban flood prevention. Nevertheless, the interferences between a pond’s standing
water and its shallow groundwater tables might correspond significantly to seasonal variations. According to Danish national
groundwater predictions from ‘DK-Model HIP’ (SDFE 2021a, 2021b), the seasonal groundwater depth differences between
winter and summer for Ponds 2 and 4 reach 0.12-0.165 m. Here, we believe that a buffer of 0.2 m depth bathymetric detection
ranges from the through-water photogrammetry would address these seasonal uncertainties sufficiently. Notably, the
bathymetric LIDAR operating at the green wavelength of 532 nm can penetrate water columns with less attenuation than infra-
red-LiDAR and thus measuring the underwater topography in a high accuracy (Szafarczyk & Tos 2023). Yet, such bathymetric
scanner requires the simultaneous use of two lasers (i.e., infrared and green) thus demanding a dual-channel hybrid LiDAR
system (e.g., RIEGL VQ-1560), which boosts the cost significantly. Again, accounting for the specific application context in
this study, we think such a trade-off between a ‘good-to-have’ accuracy and the substantially increased economic costs does
not sound like wise option particularly considering the limited budget scenario. Aside from this, the central aquatic vegetations
floating above the water surface of Pond 4 block the visibility of underwater features, thus resulting in overpredicted bottom
elevations (Supplementary Figure E). However, these floating features also construct a stable visual point of the water surface
elevations for UAV-photogrammetry, thus extending its application towards surface water elevation detections. In this instance,
we think that UAV-photogrammetry along with floating artificial objects can provide — at least for the static water surface in wet
ponds - more cost-efficient solutions compared to the radar altimetry reported by Bandini et al. (2020).

4.3. General comparison

The space-borne and air-borne remote sensing technologies have shown excellent performance in past decades regarding many
hydrological applications (i.e., soil moisture, large surface water body, snow and glacier) at basin-scale or even up to a continent
scale (Pietroniro & Leconte 2005). Nevertheless, in the sense of the local urban catchment scale and urban water management
applications, we consider UAV-photogrammetry is a more competitive option to the two alternatives particularly in obtaining
high-resolution datasets. In this study, UAV-photogrammetry presents a hyperspatial remote sensing solution delivering highly
densified 3D point clouds corresponding to sub-centimetre DEMs (e.g., <2 cm). This allows for the intuitive reflections of sub-
stantial geometric details in stormwater ponds, such as critical hydraulic structures (i.e., inlets, outlets and weirs, details
<0.1 m), which are essential in hydraulic simulations. Whereas airborne-LiDAR in our case also provides high-resolution data-
sets in approximate 50 cm, such resolution is still considered ‘not-sharp-enough’ in capturing those micro-topographies. This is
ascribed to the instinct inherent in LiIDAR techniques, where the laser footprint resolution limits the discrimination of the small
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geometric features. Here, two consequences are illustrated: (i) miss-interpolations of the break-line features, i.e., ridges and cliff
edges (Gil et al. 2013), where such similar edge features most likely compose man-made structures in stormwater ponds; (ii)
overestimated ground elevations as the miss-reflect of the micro-topographic features, for instance small shrubs <1 m, vertical
walls (Barnea & Filin 2008), short vegetations (Webster & Dias 2006) and small trees (Thiel & Schmullius 2017); thus miss-
recognizing their top elevations as the bare-soil (Gil ef al. 2013). Such discrepancies tend to be minor, at <0.2 m, which is in
accordance with our findings of <0.25 m (see Supplementary Figure D). In response to such drawbacks, UAV amounted with
multi-return LiDAR that conducts the LIDAR scanning at a much lower altitude could reproduce higher point cloud density up
to 19.4 + 7.5 ppm? (albeit sparser than 570.4 + 172.8 ppm? from UAV-photogrammetry), thus delivering high-quality DEM at
0.1 m resolution, as opposed to the point density of 2-4 ppm? from the airborne scanning (Kalacska et al. 2021). However, the
use of multi-return LiDAR inevitably boosts a higher payload, thereby demanding more advanced UAV platforms with
additional accessories (i.e., PPK/RTK-GNSS and IMU). This results in prohibitive total costs. According to Bandini ef al.
(2020), the LiDAR system (i.e., Puck LITE™ providing dual return with a NIR) with PPK/RTK-GNSS, weighs 1 kg. Such a pay-
load demands DJI Matrice 600 PRO to take them off, where the total costs rise to above $15,400. In contrast, DJI Mini2
integrating 4K camera and the gimbal weighs only 249 g and costs a total of $449 (DJI, China 2021), whereby substantial econ-
omic advantages are illustrated when compared to either UAV-LiDAR or airborne-LiDAR. In addition, this lightweight aircraft
of <250 g encounters the least resistance in the aircraft regulations (i.e., no registrations and no certificates) globally (e.g.,
China, US and EU 2021), thereby requiring fewer extra works from the non-specialist. Moreover, the foldable, pocket-size
UAV platform is more portable for engineering field work compared to the big ones. The system integrates hardware and
software all in one system, which is more user-friendly for the less-experienced drone pilots. As such, we consider such
Mini-UAV-based photogrammetry options to be an economical solution and thus suitable for low-budget research, as well
as water engineering practices in third-world countries.

Shortcomings and the associated potentials that persist for UAV-photogrammetry can be summarized as four aspects. First
of all, according to Hopkinson ef al. (2009), insufficient illuminations might introduce bias, particularly for shaded areas. In
line with Leitdo ef al. (2016), we experienced few discrepancies in UAV-photogrammetry datasets regardless of weather con-
ditions (i.e., sunny days or overcast days). This might be ascribed to either the relatively simple/regular topography
constructed in stormwater ponds or robustness of the algorithm adopted in the SfM software. Yet, if any such problem
occurs, we think a potential solution could be to compensate image exposures by having multiple camera views, covering
the pond from multiple angles in different flight altitudes. Secondly, SfM processing time tends to be significantly more
expensive than LiDAR, particularly when including many aerial images. Here, we suggest that a target-based optimization
algorithm might be a feasible solution (Zhao ef al. 2021). To identify the minimized computational costs, such a procedure
would cover target objects (i.e., stormwater ponds) while maintaining high overlapping rates with minimum pre-selected criti-
cal aerial images, as well as optimized spatial configuration in footprints. Thirdly, we used Ground RTK-GNSS to collect 15
GCPs, which adds an extra 10-20 min. Instead, direct georeferencing technologies can be adopted to avoid GCPs (Cramer
et al. 2000; Rehak et al. 2013; Turner et al. 2013; Carbonneau & Dietrich 2017). Yet, for the case of DJI Mini2, a PPK
Upgrade Kit that consists of a PPK-GNSS along with built-in IMU is required to deliver a highly accurate self-positioning
(TOPODRONE 2021), which certainly adds extra cost. Last but not least, as opposed to the one-strip aerial scanning via
LiDAR, the UAV-photogrammetry must conduct multi-strip flights in order to obtain a high degree of overlapping within
observed regions of interest. When upscaling to the national scale survey, UAV-photogrammetry might not be the most effi-
cient remote sensing option, particularly considering the available maximum flight time (e.g., 31 min for DJI Mini2). Based
hereon, the UAV-photogrammetry is more suitable for the small case area (Kalacska ef al. 2021). Yet, airborne-LiDAR costs
significantly more compared to UAV-photogrammetry, thus leading to lower observation update frequency (e.g., 5 years)
which likely results in out-of-date observations. For the instance of Pond 6, due to post-constructions, DEM discrepancies
of 0.2-0.4 m were obtained when using airborne-LiDAR (see Supplementary Figure D). Hydraulically, such post-construction
errors present higher deviations (i.e., NSEqunow 0f 0.78) when comparing to vegetation errors (i.e., NSEqunow Of 0.88), but
less than LiDAR laser pulse miss-reflection errors (i.e., NSEqunow Of 0.15-0.54). As such, we think UAV-photogrammetry
which provides up-to-date and detailed observations for small cases can provide a complementary solution alternative to air-
borne-LiDAR. Furthermore, according to our experiences, UAV-photogrammetry takes flight time less than 5-10 min to
accomplish multi-strips scanning delivering high-quality DEM. As opposed to the conventional topographic survey using
the total stations or the ground RTK-GNSS, which tends to be labor-intensive (e.g., 3-14 workdays to authors’ experience
for each pond) and likely involving human-related systematic bias, UAV-photogrammetry improves the survey efficiency
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considerably. Accounting for several times lower costs for such lightweight UAVs than LiDAR options, we would further
highlight the potential for implementing multi-UAV collaborative photogrammetry survey, which could address all above-
mentioned limitations (Pajares 2015). Here, a UAVs fleet collaborates on a common photogrammetry survey task by
having data transmission or image sharing from a blackboard communication system. With broader spatial coverages,
more efficient image overlapping based on multi-UAV coordination and minimized blind spot via multiple camera views
from different flight altitudes/angles, this approach would reduce the data redundancy considerably and further enhance
the survey efficiency of the UAV-photogrammetry towards multiple ponds at a large scale (Jensen et al. 2009).

5. CONCLUSIONS

This paper investigates and compares the two remote sensing technologies (i.e., UAV-photogrammetry and airborne-LiDAR)
for stormwater pond geometric detections, as well as the corresponding outflow discharge determinations in the context of
the urban stormwater management. Six stormwater ponds of various sizes, types, vegetation statuses, topographic compli-
cations and catchment characteristics were chosen as the test cases. Benchmarked against the ground-truth in-situ
observations from RTK-GNSS, UAV-photogrammetry was compared with airborne-LiDAR on three levels: (i) DEMs, (ii)
stage-curves and (iii) outflow discharges, where the validation sequence corresponded to the actual data processing workflow.
Furthermore, their strengths, weakness and associated potentials were discussed from three aspects: (i) dry ponds, (ii) wet
ponds and (iii) general applications. The main findings are outlined as follows:

* For dry ponds, UAV-photogrammetry illustrates overestimations of 0.2-0.4 m in DEMs for the sake of its poor penetration
capacity towards vegetation, indicating higher deviations compared to airborne-LiDAR. Yet, from a hydraulic perspective,
such discrepancies lead to insignificant impact (i.e., NSEqutiow Of 0.88-0.89) towards the outflow discharges. To improve
this issue, a grass removal approach demonstrates a good fit for the benchmarks, and is thus considered a feasible solution.
In addition, the shifted stage-curve approach that results in acceptable accuracy is recognized as an easy correction method
to mitigate the vegetation hydraulic side-effect for large-scale survey cases.

* For wet ponds, UAV-photogrammetry outperforms the airborne-LiDAR (i.e., infrared beam operated at 1,550 nm wavelength)

in terms of both geometric detections and outflow discharges. Since surface water, aquatic vegetation and saturated soils can

dampen the returning of laser signals, the airborne-LiDAR yields higher bottom elevations of 0.25-0.5 m than RTK-GNSS.

Such discrepancies result in NSE 0w 0f 0.15-0.54, which is unacceptable. Here, we conclude that the airborne-LiDAR

with the infrared beam sensor is not suitable for wet ponds. In contrast, UAV-photogrammetry provides underwater esti-

mations via the through-water photogrammetry, and therefore illustrates robust performance towards moisture
environments, as well as seasonal variations in groundwater. Furthermore, UAV-photogrammetry, along with floating artifi-
cial objects, would extend its application for surface water elevation detection - at least for static water.

UAV-photogrammetry presents a hyperspatial remote sensing capability superior to airborne-LiDAR, thus delivering high-

quality DEMs <2 cm resolution. Such sharp resolution provides a better outlining of the break-line features inherent in

man-made hydraulic structures than LiDAR, for instance inlets, outlets and weirs. Besides, lightweight UAVs demonstrate
substantial economic advantages over either airborne-LiDAR or UAV-LiDAR options. Thus, it is recommended as the pre-
ferred option for low-budget research, as well as water engineering practice for third-world countries.

Shortcomings persist for UAV-photogrammetry. First of all, it tends to yield high void fraction in conditions of insufficient

illumination. Secondly, the process time of SfM can be substantially more expensive, particularly when including many

images. Thirdly, its indirect georeferencing costs extra time, and adding a direct georeferencing module would inevitably
increase costs. Finally, in contrast to the LiDAR’s one-strip aerial scanning, multi-strip aerial scanning must be carried

out in UAV-photogrammetry to obtain a high overlapping rate, which results in a slightly longer flight time (i.e., 5-10

min) compared to LiDAR. Nevertheless, the multi-UAVs collaborative photogrammetry survey was highlighted to address

all these challenges and would further extend its application towards large-scale surveys.
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