10

15

20

25

30

https://doi.org/10.5194/egusphere-2026-4143
Preprint. Discussion started: 17 August 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

Supraglacial lake bathymetry from high-resolution airborne imagery
using stereophotogrammetry and structure from motion

Michael Studinger!, C. Wayne Wright>3, Oleg Alexandrov*®

ICryospheric Sciences Laboratory, NASA Goddard Space Flight Center, Greenbelt, MD 20771, USA
2C. W. Wright Consulting, Tampa, FL 33544, USA

3Science Systems and Applications, Inc., Lanham, MD 20706, USA

“Intelligent Robotics Group, NASA Ames Research Center, Moffett Field, CA 94035, USA

SKBR Wyle Services, Moffett Field, CA 94035, USA

Correspondence to: Michael Studinger (michael.studinger@nasa.gov)

Abstract. Understanding the hydrological system of the ice sheet of Kalaallit Nunat (Greenland, GrIS) requires observational
knowledge on a range of scales with varying spatial and temporal resolutions and coverage. In general, process-related studies
require high-resolution observations over regional scales spanning hundreds of kilometers. The spatial resolution of spaceborne
imaging is continually improving, however, airborne imaging can provide complementary information at higher resolution and
can combing multiple sensors with coincident data acquisition. Here we use regional-scale, high-resolution (1010 cm) aerial
imagery collected by NASA’s Airborne Topographic Mapper instrument suite (ATM) to derive bathymetry of supraglacial
lakes and streams using Structure from Motion (SfM) and stereo processing techniques. SfM uses multiple overlapping images
and iterative bundle adjustment to solve and optimize camera positions and parameters. Stereophotogrammetry requires highly
accurate camera geometry and calibration. Supraglacial lakes appear as distinct blue features in natural-color imagery of the
ice sheet with often clearly visible features at the lake bottom, making them ideal for SfM and stereo processing. The ATM
airborne data also includes two coincident green (532 nm) small footprint lidar providing a rare opportunity to compare lidar
and imagery-based bathymetry methods.

We use the NASA Ames Stereo Pipeline (ASP), a powerful open-source processing toolbox with a long legacy, a broad user
community, and active tool development. We compare the ASP stereo bathymetry with lake depth estimates from a commercial
SfM package and bathymetric estimates from our coincident lidar data. Our results show that supraglacial lake bathymetry can
be mapped at high spatial resolution using stereophotogrammetry and SfM reconstruction of topobathymetric digital elevation
models (DEMs). The stereographic method we use accurately accounts for refraction in water. The SfM approach uses an
iterative refraction correction for SfM to accurately determine the lake bottom topography. We find two main limitations for
image-based bathymetry estimates: thin lake ice cover can obscure lake bottom features making feature tracking between
images impossible. The second limitation comes from caustics at the lake bottom caused by refraction of sunlight on moving
surface waves. These caustics are not stationary patterns and can move in the 0.5 secs between image acquisitions ruling out
static feature tracking necessary for SfM or stereophotogrammetry. Each method has its own limitations and biases. By

analyzing changes in the shape of lidar waveforms between survey targets with no differential penetration and supraglacial
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lakes we have shown for the first time that green photons can penetrate below the lake bottom surface resulting in a range and

therefore elevation bias.

1 Introduction

The Greenland Ice Sheet (GrIS) experiences surface melting between late spring and early fall primarily around its perimeter
where surface elevations are typically lower than in the interior (e.g., Howat et al., 2014) and surface temperatures are more
likely to reach melting conditions than in the interior (e.g., Hall et al., 2018). The seasonal meltwater transforms the frozen
surface of the ice sheet into a wet environment, with meltwater pooling in supraglacial lakes connected by a dendritic pattern
of meandering streams and rivers (e.g., Chu, 2014; Nienow et al., 2017; Pitcher and Smith, 2019; Studinger et al., 2022a).
Runoff from meltwater now exceeds mass loss from ice discharge and basal melting (Enderlin et al., 2014; Van Den Broeke
et al., 2016) and dominates mass loss of the GrIS (Otosaka et al., 2023; The IMBIE Team, 2020). Therefore, the formation of
meltwater affects ice sheet mass balance and stability.

The lakes appear as distinct blue features in natural color (red, green, and blue; RGB) images with deep parts of the
lakes typically showing darker blue colors compared to shallow parts (Figure 1). The lakes grow throughout the melt season
and typically reach several hundreds of meters in size and over 10 meters in depth. The water in the lakes is very clear with
low turbidity resulting in good visibility of features on the lake bottom such as crevasses and lake bottom texture in areas with
open water. The lakes can be covered by thin translucent ice in particular at the beginning and end of the melt season (Figure
1). Translucent ice cover often appears as milky, cloudy, or frosted layers rather than crystal clear ice. These layers of thin ice
can be attached to the lake shore or stacked in multiple layers pushed on top of each other by wind (Figure 1). Depending on
the thickness and appearance of the layer the translucent ice can blur features on the lake bottom or completely obscure them.
The edge of the lake shore ice in Figure 1 casts a shadow on the lake bottom.

Advancing our understanding of the hydrological system on the surface of the GrIS requires observational knowledge
on a range of scales with varying spatial and temporal resolution and coverage. On an ice-sheet-wide scale relevant parameters
such as lake distribution and size can be best studied from spaceborne sensors, often providing high temporal resolution and
year-round coverage that are important for the formation of the lakes. Process-related studies, however, generally require high-
resolution observations over regional scales spanning hundreds of kilometers. While the resolution of spaceborne imaging is
continually increasing, airborne imaging can provide complementary information at even higher resolution, often combining
multiple sensors with coincident data acquisition.

The approaches most commonly used to derive bathymetry of supraglacial lakes on the GrIS make use of satellite
imagery, mainly driven by spatial and temporal coverage of satellite imagery and its availability. These methods often use
relationships between water depth and reflectance from natural color or multi-spectral imagery. For a recent summary of these

remote sensing methods see Man et al. (2025). With the availability of ICESat-2 green (532 nm) satellite lidar data bathymetry
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has been derived along ICESat-2 tracks and also used to calibrate and validate the image based methods (e.g., Arndt and
Fricker, 2024; Datta and Wouters, 2021; Fair et al., 2020).

While space-based approaches have the advantage of ice-sheet wide coverage and long time series, they are limited
in the spatial detail they can provide. Aerial imagery, which is often acquired together with data from other sensors, has the
potential to increase the spatial resolution of our knowledge of the hydrological system of the GrIS. The use of aerial imagery
has been expanded in recent years to derive shallow water and coastal bathymetry (e.g., Dietrich, 2017; Fuchs et al., 2024;
Palaseanu-Lovejoy et al., 2023; Slocum et al., 2019; Woodget et al., 2015). Here we evaluate the applicability of two different
approaches to derive supraglacial lake bathymetry using optical aerial images: Structure from Motion (SfM) and
stereophotogrammetry. Both are widely used established techniques to create digital elevation models (DEMs) from images
and have fundamental differences in their respective approaches. In general, SfM uses multiple overlapping images and
iterative bundle adjustment that solves and optimizes camera positions and parameters (extrinsic and intrinsic) and the DEM.

Stereophotogrammetry, on the other hand, typically requires highly accurate camera geometry and calibration.
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Figure 1: Characteristic features of supraglacial lakes visible in high-resolution (10x10 c¢m), natural color (red, green, blue; RGB), nadir-
looking aerial imagery. The image of a partially ice-covered supraglacial lake in coastal northwest Greenland was taken with ATM’s
CAMBOT (Continuous Airborne Mapping By Optical Translator) camera system on September 6, 2019 and is available as a geolocated
data product from NSIDC (Studinger and Harbeck, 2019). Two water depth point measurements from the ATM T6 and T7 lidars are marked
by circles. Features labeled in the three panels are discussed in the text. For location of the lake see Figure 2b.

Natural-color aerial imagery has long been acquired over the GrIS as part of NASA’s Operation IceBridge and is
freely available as mission data products (MacGregor et al., 2021). Previous work has used the Ames Stereo Pipeline (ASP)
to produce orthorectified images (Alexandrov et al., 2018a) and photogrammetric DEMs (Alexandrov et al., 2018b) that are
aligned to coincident lidar data and did not include bathymetric processing. Here we use a camera system from NASA’s
Airborne Topographic Mapper instrument suite (ATM) for our analysis. To our knowledge this is the first time aerial images
are being used to derive bathymetry of supraglacial lakes of the GrIS. We also have a unique opportunity to compare the
image-based bathymetry with coincident topobathymetric data (Studinger et al., 2022a). We have selected two lakes for our
analysis that have good lidar coverage, are among the deepest lakes in our data and also show limitations inherited in the
methods we use. We refer to the two lakes as Lake CW (central west) for the lake shown in Figure 2a and Lake NW (northwest)
for the lake in Figure 2b. Lake CW is located in the catchment of Sermeq Kujalleq (Jakobshavn Isbrae) and close to lake L1
(Figure 2a) discussed in Wehrlé et al. (2026). The drainage of this lake, 24 km southeast of the May 2019 terminus position,
has affected the flow of Sermeq Kujalleq (Wehrl¢ et al., 2026). Lake CW discussed here is only 14 km away from the May
2019 terminus and appears to be approximately twice as large in satellite imagery from May 9, 2019 (Figure 2) suggesting its

relevance for modulating ice flow within the fastest flowing ice stream in the GrIS.
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Figure 2: Locations of the two supraglacial lakes discussed in this paper on Sentinel-2B Level 2A surface reflectance, atmospherically
corrected using bands 4, 3, and 2 (European Space Agency (ESA), 2025). Both composite RGB images span 75x75 km. Aircraft trajectories
are shown in red with the location of the lakes marked by black crosses and time of the aircraft overpass. Locations of supraglacial lakes
(black circle-and-cross symbol) in the catchment of Sermeq Kujalleq (Jakobshavn Isbrae) (a) and over a small tributary of Illullip Sermia
(b). Red squares in index maps show the location and extent of the main maps. Glacier names are from Bjork et al. (2015). We refer to the
two lakes as Lake CW (central west, 49° 28' 45" W, 69° 1' 41" N) for the lake shown in (a) and Lake NW (northwest, 55° 4' 27" W, 74° 18'
56" N) for the lake in (b). The blue circles in (a) mark the locations the two supraglacial lakes L1 (49° 12' 50" W, 68° 59' 41" N) and L2 (49°
2'8" W, 69° 1' 21" N) from Wehrlé et al. (2026).

2 Instruments and data sets

We use data from NASA’s Operation IceBridge (OIB) from two campaigns flown over Greenland: one with the P-3 aircraft
(N426NA) in June 2019 and one with the NASA Gulfstream G-V (N95NA) in September 2019. The airborne data products
used here were part of NASA’s Airborne Topographic Mapper instrument suite (ATM) and are freely available mission data

distributed by the National Snow and Ice Data Center (NSIDC, https://nsidc.org/data/icebridge/data) and through NASA’s

Earthdata portal (https://www.earthdata.nasa.gov). Data products are distributed together with comprehensive instrument and

data product documentation and have been described previously (MacGregor et al., 2021; Studinger et al., 2022a, 2024). Here
we provide only a brief overview of the instruments and products relevant to this work and focus on the specific processing
steps needed for existing data products for estimating bathymetry and some specific instrument calibrations that are required
for our approach.

Among OIB’s main goals over land ice were measuring ice surface elevation and change and determining ice
thickness (MacGregor et al., 2021). Campaign timing was optimized to capture annual and seasonal variations in surface

elevation and to maximize radar penetration. Greenland spring campaigns were typically flown between March and June, prior
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to the main onset of summer melt. Seasonal campaigns were conducted in the fall after the melt season, around September,
when parts of the surface began to refreeze and lakes became covered with thin ice (Figure 1) making bathymetry estimates
from the air a challenge (Studinger et al., 2022a). Figure in the Appendix shows the surface temperature over the duration of
the two campaigns together with melt indicators at the two lake locations. An overview of the two campaigns including a
discussion of the presence of surface water is given by Studinger et al. (2022a). Another limitation imposed by the survey
design is image acquisition along flight lines. Typically, SfM requires overlapping images of the same features on the ground
from different flight directions and elevations for accurate DEM calculation (e.g., Fuchs et al., 2024). However, having

accurate position and attitude information of the camera sensor can mitigate that limitation as discussed later.

2.1 Merging position and attitude data for camera pose

To use the highest available accuracy position and attitude data for determining the camera pose (i.e., the position and
orientation of the camera) we combine three navigation data streams that all contain the Global Positioning System (GPS) time
as the common reference for synchronization: 1) 10 Hz GITAR (GPS Inferred Trajectories for Aircraft and Rockets), 2) 200
Hz SBET (Smoothed Best Estimate of Trajectory), and 3) 2 Hz ATM’s auxiliary (AUX) data that are distributed together with
the Level 1B geolocated IOCAM1B data product (Studinger and Harbeck, 2019).

Figure 3 shows a generalized diagram of the processing steps involved in creating input data for subsequent image
processing. The GITAR trajectories are derived from double-differenced GPS measurements (DGPS) between the aircraft and
multiple, precisely located ground stations that are operated during a campaign (Martin et al., 2012). GITAR uses atmospheric
reanalysis models from the National Center for Environmental Prediction (NCEP) for correction of tropospheric propagation
effects on ranges to satellites instead of a commonly used world-wide standard atmosphere model (Saha et al., 2010). In
addition, GITAR estimates scale factor corrections for the aircraft and ground stations and can process extremely long GPS
baselines required for polar research (i.e., South America to Antarctica). GPS antenna phase center positions, including

installation-specific phase center offsets of aircraft-mounted GPS antennas, are calculated at 10 Hz.

GITAR SBET AUX
10 Hz 200 HZ 2 Hz
Time: GPS Time: UTC Time: UTC
" J - J .- J
A d Y hd
longitude | ¢ pitch i ! image filename
latitude . roll i i image time tag
height wGs-84 { yaw E 3 lever arm
epoch seconds g g epoch seconds § ; epoch seconds

[ ]

v

camera pose input for ASP and SfM
image, lon, lat, height_above_datum, roll, pitch, yaw

Figure 3: Diagram of processing flow for merging three navigation data streams into camera pose for input into ASP and SfM.
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The SBET data stream contains processed 200 Hz trajectory data from an Applanix 610 POS AV GPS/IMU sensor and POSPac
package, including attitude (pitch, roll, yaw). The AUX data stream contains intervalometer trigger event times for the camera’s
shutter. A Javad Delta/Sigma GPS receiver was programmed to generate the 2 Hz intervalometer hardware trigger to the
camera. The trigger pulses are perfectly synchronous with the GPS raw data measurements to be postprocessed. We use the
10 Hz GITAR position trajectory and 200 Hz SBET data streams to interpolate position and attitude data at the 2 Hz camera
shutter trigger times. We replaced the 200 Hz POSPac positions with 200 Hz interpolated 10 Hz GITAR positions as the
GITAR positions are more refined and accurate. We then use the lever arm between the GPS antenna phase center and the
camera’s sensor, that is included in the header of the AUX data files, to calculate the pose of the camera sensor. The merged
trajectory data used in this paper are published in a separate archive (Studinger et al., 2026b). A repository with code and

tutorials for how to merge the three data streams and calculate sensor positions is part of this paper (Studinger et al., 2026a).

2.2 Natural-color optical imagery

The nadir-looking, three-channel (red, green, and blue, RGB) digital camera is an Allied Vision Prosilica® GT4905 C with a
digital global shutter and a Zeiss® Distagon 28 mm /2 ZF.2 lens. The image sensor has 4896 x 3264 pixels with a pixel size
of 5.5 um x 5.5 um (Allied Vision, 2022). OIB surveys were typically flown at a draped elevation of around 460 m above
ground level resulting in a pixel size of around 9 cm on the ground (MacGregor et al., 2021). The camera shutter is triggered
by a two pulse per second (PPS) signal from a Javad Delta/Sigma GPS receiver for accurate timing. The latency between the
intervalometer trigger signal and the camera’s shutter trigger time is estimated using calibration flights over survey targets on
airport ramps (Studinger and Harbeck, 2019). OIB flights are typically flown at a ground speed of 140 m s™!, resulting in an
80% overlap between consecutive images acquired at 2 Hz (MacGregor et al., 2021). On average the same feature on the
ground is imaged in five consecutive images from different perspectives. The camera system is a passive sensor that depends
on varying natural sunlight for illumination. An operator adjusts camera parameters based on conditions during the flight to
optimize image quality and exposure (Studinger et al., 2022a, 2024; Studinger and Harbeck, 2019, 2020). The two image data
products we use here with NSIDC data set identifiers [IOCAMO and IOCAMIB are not radiometrically calibrated (Studinger
and Harbeck, 2019, 2020).

2.3 Lidars

The primary instruments in the ATM instrument suite were two small-footprint, short-pulsed, topobathymetric lidars operating
at 532 nm and 10 kHz (MacGregor et al., 2021; Studinger et al., 2022a, 2024). The short pulse width of 1.3 ns, 64 cm footprint
and high spatial point density makes this data set ideal for comparing bathymetry estimates between the three methods
discussed in this paper. Both are conically scanning lidars with the wide scanner T6 having an off-nadir angle of 15° and the
narrow scanner T7 of 2.5° resulting in an approximate swath width of 245 and 40 m, respectively. There is no mission

bathymetry data product, however the methodology to use the ATM waveform products ILATMWIB and ILNSAWIB
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(Studinger, 2018a, b) to estimate bathymetry over supraglacial lakes has been previously published (Studinger et al., 2022a)
together with the code (Studinger, 2022).

3 Methods

We use two image-based methods, traditional stereophotogrammetry and structure from motion (SfM), to determine
shallow-water bathymetry over supraglacial lakes and compare the results with coincident topobathymetric lidar data.
For stereophotogrammetry processing we use the NASA Ames Stereo Pipeline (ASP), a powerful open-source toolbox with a
long legacy, a broad user community, and active tool development (Alexandrov et al., 2026; Beyer et al., 2018). We use a
commercial implementation, Agisoft Metashape, for SfM processing. The simultaneous acquisition of aerial photography,
suitable for photogrammetry applications, and topobathymetric lidar is rare. Figure 4 shows the concept of simultaneous data

acquisition on a single airborne platform surveying the same scene on the ground.

stereophotogrammetry airborne
or topobathymetric lidar
structure from motion (off-nadir pointing)

Point A Point B

] ) )
gw distance gw

nutating
mirror

small angle approximation
photogrammetry:

- *
dlrue - draw Nuwater

AIR (n,; = 1.0003)

Figure 4: Conceptual drawing of simultaneous airborne photo and lidar acquisition on the same platform with image-based (left) and lidar-
based (right) bathymetry estimates. The field of view (FOV) of the camera slightly exceeds the swath width of the lidar on the surface (245
m) and provides full coverage. The time between image acquisitions when the aircraft moves from Point A to Point B is 0.5 seconds, resulting
in an approximate 80% overlap between images.
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For the image-based methods a nadir-looking camera on the aircraft takes pictures of the ground with sufficient overlap
between consecutive images while a topobathymetric lidar images the same area at the same time. At a nominal ground speed
of 140 m s™! the distance between two images taken 0.5 s apart is 70 m. The image-based methods operate in the spatial domain,
whereas the lidar-based method relies on time-of-flight measurements in the time domain. As a result, the uncorrected depth
draw of the image-based methods is biased towards shallower depths. Using a rule of thumb valid for small angles (e.g.,
Woodget et al., 2015) the approximate corrected depth is duue = draw™ Nwater, Where nyaeer is the refractive index of water (Figure
4). For the lidar, the corrected depth dirue = draw / Nwater. For our bathymetric processing we use different approaches for each
method that accurately account for refraction in water and are discussed in Section 3.6. We begin with a description of

preprocessing of data products to create input required for both methods.

3.1 Surface classification and automated lake detection

Estimating water depths from stereophotogrammetry or SfM requires knowledge of the surface type (water or land/ice) for
each image pixel. Each processed image requires a surface classification image of the same size and resolution as the original
image that acts as lake mask for bathymetric processing accounting for refraction in water. We use two different approaches
and discuss their pros and cons. The first method is using the Normalized Difference Water Index modified for ice (NDWIic.)
calculated from the red and blue channels: NDWIic.. = (blue — red)/(blue + red). NDWI.. increases the spectral contrast between
water and ice (e.g., Yang and Smith, 2013). This approach has been previously applied to the 2019 spring campaign using a
single empirical threshold to separate water pixels from snow and ice (Studinger et al., 2022a). While the approach is robust it
can also produce occasional false detections as discussed in Studinger et al. (2022a). Here, we use a modified version of this
approach that determines the NDWI;.. threshold between water and ice for each image using Otsu’s (1979) method that was
expanded to allow for multiple thresholds (Liao et al., 2001). The application of the method to images over the lake flown on
May 6, 2019 (Figure 2b) together with the code is available as tutorial (Studinger et al., 2026a, Surface classification and
automatic detection of supraglacial lakes). The approach of using an NDWI;. threshold was primarily designed to locate lakes
and streams in tens of thousands of images and therefore needed to be computationally efficient. For photogrammetry
applications each pixel in an image needs to be accurately classified so the surface type image can be used as a mask for
bathymetric processing. The NDWIc. threshold approach fails when pixels have similar values that are not separated enough
to be distinguished and belong to different surface types. This can be the case for newly formed thin, translucent lake ice as
shown in Figure 1. Figure 1c shows an area with thin, translucent lake ice that looks very similar to the area with open water
next to it. The only visual indication of a thin ice cover are blurred features at the lake bottom, like crevasses, that are much
clearer in the area with open water. For situations like this we use an approach that connects pixels and identifies areas and
can be used for image segmentation. We use the open-source Segment Anything Model (SAM) that is available as a Python
module together with the training data (Kirillov et al., 2023). A demonstration of using SAM to identify coherent areas of open
water together with the code is available as a tutorial (Studinger et al., 2026a, Supraglacial lake detection with the Al-based

Segment Anything Model (SAM)). As shown in the tutorial, the SAM algorithm can have difficulties tracking shallow water

9
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depths near shorelines. It performed well though for reliably creating a lake mask of open water pixels of the lake shown in
Figure 1 while excluding the thin ice and other areas from the lake mask. We combine both approaches to first quickly identify
lakes in images and if needed refine the lake mask using the slower SAM image segmentation. To create so-called prompts
for SAM we first determine coherent regions in the NDWI;.. image mask using a connected component analysis approach. We
then use the centroid locations of the identified regions as input/prompts for SAM to seed image segmentation (Studinger et

al., 2026a, Surface classification and automatic detection of supraglacial lakes).

3.2 Conversion of natural-color images to luminance

Stereophotogrammetry and SfM processing tools generally require single-channel grayscale (luminance) images. There are
several ways to convert natural-color (RGB) images to luminance images for bathymetric processing that we will briefly
discuss here. A commonly used approach is to use weighted luminance relationships between red, green and blue channels for
conversion into gray scale. Varying implementations of this approach are readily available in open source software libraries
like Pillow (Murray et al., 2026) or OpenCV (Bradski, 2000). However, penetration of light into water depends on its
wavelength. In general penetration increases from red, to green, to blue (e.g., Purkis and Klemas, 2011, Fig. 8.8). When
separated into red, green and blue bands, supraglacial lake images show increasing detail in the lake bottom from red, to green,
to blue. We have demonstrated this effect in a tutorial together with the code to convert RGB images to luminance (Studinger
et al., 2026a, Conversion of natural-color (RGB) images to single-channel grayscale (luminance) images for bathymetric
applications). While providing good penetration, the green channel also shows good contrast between water and ice. We
therefore use the luminance of the green channel for input into ASP processing for images of supraglacial lakes. The situation
is different for lidar and camera calibration flights. The flights are typically conducted over surveyed airfield aprons/ramps,
which are often located in vegetated areas. Here, the red or near infrared bands typically show higher clarity and detail
compared to the green and blue bands. An example of this effect is also shown in the tutorial (Studinger et al., 2026a,
Conversion of natural-color (RGB) images to single-channel grayscale (luminance) images for bathymetric applications). The

conversion within Agisoft’s Metashape is done internally and details are not publicly available.

3.3 Camera calibration

To map image pixels captured with the camera’s sensor to locations on the earth’s surface requires accurate knowledge of the
camera system’s intrinsic optical parameters and extrinsic pose parameters. These parameters are used in transformation
matrices that convert pixels from sensor coordinates to the camera coordinate system and eventually to a geodetic world
coordinate system that locates pixel locations on the surface of the earth. Before each campaign the camera system is calibrated
using repeat passes over airport ramps flown at different altitudes and orientations. For each campaign we typically use
approximately 20 ground control points (GCPs) on the ramps. These are prominent easily identifiable features, such as
intersections of apron markings and runway lights, that can be identified in image pixels. We determine the locations of these

features with survey grade DGPS with an accuracy of a few centimeters. The GCP’s are used to determine the camera’s lens

10
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distortion parameters and focal length and refine sensor mounting biases in the lever arm between the GPS antennas’ phase
center and sensor plane as well as and pitch, roll, and yaw angles between the IMU and the camera sensor (Studinger and
Harbeck, 2019). For the two campaigns discussed here we use the built-in methods in Metashape to determine a set of
parameters consistent with the GCPs. The details of the Metashape approach are not publicly available. ASP has similar
capabilities with the camera_solve tool using GCPs to optimize the camera’s intrinsic and extrinsic parameters and create
pinhole camera models. We use Metashape’s camera calibration as consistent input for both SfM and ASP. We then apply the

refined mounting biases to the trajectory data and create camera model files described in the next section.

3.4 Stereophotogrammetry

Stereophotogrammetry determines the geolocated relief of a surface on the ground from two overlapping images with different
perspectives of the same terrain (e.g., Beyer et al., 2018). The technique requires accurate knowledge of the camera’s position
and pose (extrinsic parameters) and the camera’s optical parameters, referred to as intrinsic parameters. For stereographic
processing with ASP, we begin with the output from the navigation processing shown in Figure 3, together with the pinhole
camera model file as input into ASP’s cam_gen program (Figure 5). The cam_gen program uses the geodetic coordinates
and attitude angles, i.e., extrinsic parameters. These are combined with the camera’s intrinsic parameters like optical center,
focal length, lens distortion and pixel pitch, to generate a pinhole camera model for each image based on the sensor position
and orientation at the time of acquisition. The information is stored in ASP’s . tsai text format and referred to as a camera
model (Tsai, 1987). To have a self-consistent set of camera models as input for stereo processing the model parameters can be
refined in a process called bundle adjustment. ASP’s bundle adjust tool (Beyer et al., 2018) is based on the Ceres least
square solver (Agarwal et al., 2023) and minimizes errors in camera pose. The outputs are refined camera model files for each
image in a sequence of images. Given the high quality of our position and attitude input data we find the effect of bundle

adjustment small, however, it can be a critical processing step for other applications.
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Figure 5: Diagram of ASP processing flow. To allow a direct comparison with SfM we process the images without ASP’s bathymetry
module (plain) and with the bathymetry module for pixels that have been classified as open water.

The bundle adjusted camera models and gray-scale images of the green channel luminance are then processed with ASP’s
parallel stereo module, which combines a sequence of processing steps (Alexandrov et al., 2026; Beyer et al., 2018)
that we briefly summarize. A fundamental first step in stereophotogrammetry processing is to locate interest points or features
in both images of an image pair through image correlation. We use ASP’s OpenCV implementation of the Scale-Invariant
Feature Transform (SIFT) algorithm for sparse detection (Bradski, 2000). The shifts in matched pixel coordinates between the
two images are called disparities and are a function of parallax and therefore related to pixel height. The outputs are aligned
and normalized image pairs that are used as input into a denser image correlation in the stereo alignment stage with ASP’s
implementation of the More Global Matching (MGM) algorithm (Facciolo et al., 2015), that is suitable for textureless regions
like ice sheets. The resulting map of disparities is then refined on a subpixel level using ASP’s subpixel mode 2, which is best
in terms of quality and most costly in terms of computation time. The next step is to convert disparities into a 3-D point cloud
by triangulating intersecting rays from the two camera poses. The distance between the two intersecting rays is called the
triangulation error and can be interpreted as a relative measurement for the quality of the stereo processing (Beyer et al., 2018).
In our processing the triangulation error is typically on the order of a few centimeters and below the size of an image pixel
suggesting reliable processing results. The next step is to produce a gridded terrain model (DEM) from the point cloud, which
is done by ASP’s point2dem program (Figure 5). Since stereo processing can only be done on image pairs the resulting
DEMs for the overlapping parts of the two images need to be merged into a single seamless DEM using ASP’s dem mosaic
command line tool. As an optional last step, the DEM’s height and location can be refined by aligning it with an existing
reliable DEM or a point cloud of the region. In our case these are the elevations from our airborne lidar. However, we find that
the improvements are marginal because of the high quality of our camera models. The ASP program that aligns a DEM or

point cloud relative to another is called pc_align.
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One aspect that needs to be considered for stereo processing that is different for SfM, is a requirement for the so-
called convergence angle. The convergence angle is defined as the angle between the two rays from consecutive images of the
same feature on the ground. In general, small convergence angles result in good horizontal accuracy and lead to weaker
constraints on vertical reconstruction. Vice versa, larger convergence angles strengthen vertical accuracy and reduce accuracy
in the horizontal component. For ASP stereo processing convergence angles should be between 15° and 40°. ASP calculates
convergence angles as part of the bundle adjustment. For images taken 0.5 seconds apart most of the overlapping area between
two images (75%) is below the 15° lower threshold resulting in significant vertical noise in the DEMs. The convergence angle
increases with time and distance between images at the expense of reducing the area of overlap between the two images. For
images taken 1.0 seconds apart we have sufficient overlap between the images to create a seamless DEM from a sequence of
images with convergence angles of 15° and good vertical reconstruction. We therefore use only image pairs that are 1.0 seconds

apart for stereo processing.

3.5 SftM

We use a commercial implementation, Agisoft Metashape, for SfM processing. The processing follows a multi-step approach
that tightly integrates post-processed GNSS trajectories, pre-computed camera focal lengths, and lens distortion and orientation
calibrations. Even with precise post-processed DGPS/IMU data, initial SfM processing can exhibit significant surface tilts and
elevation offsets for image sequences collected along a straight flight line with no lateral overlap (e.g., Fuchs et al., 2024).
The SfM process is sensitive to minor trajectory inaccuracies and variations in the camera sensor and lens caused by
temperature and pressure differences between calibration and data collection. These manifest primarily as changes in focal
length and image sensor pixel positioning. To resolve this, concurrent ATM lidar data (T6 & T7) is used to physically calibrate
and anchor the SfM data. By iteratively comparing the uncorrected SfM Digital Elevation Model (DEM) with lidar point
clouds, precise IMU mounting biases are identified. Adjusting pitch and roll references removes along-track tilt, aligning the
SfM elevation offset with true lidar elevations over non-submerged portions. Small adjustments to the camera focal length
may also be required for optimal alignment. We use the refined parameters for both SfM and ASP processing to have consistent

data for direct comparison of the methods.

3.6 Refraction correction

Both image and lidar-based approaches need to account for the change in refractive index from air to water by correcting the
initial apparent depth (Figure 4). Conventional stereophotogrammetry triangulates rays from an image pair. Therefore,
underwater stereo triangulation can be directly calculated resulting in correct water depths (e.g., Dietrich, 2017; Alexandrov
et al., 2026). This approach is implemented in the ASP bathymetry module that is part of the parallel stereo module
(Palaseanu-Lovejoy et al., 2023). Refraction correction for SfM is different from the correction applied to stereo processing.
SfM uses multiple overlapping images and iterative bundle adjustment that solves and optimizes camera positions and

parameters. Therefore, the depth correction is an iterative process. To correct SfM-derived water depths we use an iterative
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method developed for shallow water bathymetry (Dietrich, 2017) that is implemented in the pyBathySfM module (Dietrich,
2026) and can be applied to DEMs created from SfM that include water bodies. A similar approach was developed by Fuchs
et al. (2024) and applied to melt ponds over sea ice. The refractive index of water varies with wavelength, temperature, and
salinity. We use empirical relationships from Dietrich and Parish (2025) to calculate the refractive index at 532 nm. We assume
the temperature of the water to be close to 0.0°C with a salinity of freshwater of S = 0.1 PSU (practical salinity units). The
refractive index in water at 532 nm is then nyaer = 1.336 for the laser. The camera sensor of the green channel, which we use
for lakes as discussed later, has its maximum efficiency near 530 nm. We therefore use the same refractive index nyater for both
the camera and lidar data. For air we use a refractive index of n,ir = 1.0003, a value commonly used for the standard atmosphere.
Both methods require accurate water surface elevations. Ideally, we would use the water surface elevation from lidar data since
it is the most reliable and accurate elevation measurement of the water surface we have. However, other methods exist to
determine the water surface elevation without lidar data (e.g., Dietrich, 2017; Fuchs et al., 2024; Palaseanu-Lovejoy et al.,
2023) and as discussed in the next section we have to revert to these methods in our work because of differential penetration

of green laser light into snow and ice over Lake NW.

4 Results

To directly compare the results from SfM and ASP we first use DEMs produced without bathymetric correction, referred to as
plain processing, since the two different approaches for refraction correction could introduce differences only related to the
specific method and not the general approaches. We compare the elevation differences between the image-based bathymetry

methods and the lidar and discuss potential biases.

4.1 Lake NW

Lake NW (Figure 1 and Figure 2) shows a variety of features relevant for bathymetry estimates: the lake is partially covered
by newly formed layers of thin lake ice that have been pushed on top of each other by wind (Figure 1a). The milky texture of
this ice obscures features at the lake bottom and therefore prevents bathymetry estimates from both lidar and optical imagery.
Along the shoreline a layer of translucent shore ice is thin enough for a blurred view of lake bottom features such as crevasses.
The shadow of this band of thin ice on the lake bottom confirms that this ice is floating on the lake surface (Figure 1c). The
lake area with open water reveals clear views of features on the lake bottom because of the very low turbidity of the water,
making it ideal for bathymetry estimates. The change in blue color in the RGB image reflects a change in water depth with
darker blue representing deeper depths. The lake bottom shows several deep bottom crevasses with the darkest blue. The sun

illumination during the overpass is subparallel to the orientations of the crevasses.
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Figure 6: Lake NW stereo and SfM results without refraction correction (plain). For location of the lake see Figure 2b. (a) Natural color
mosaic. (b) Lidar point cloud and lidar-derived bathymetry with location of profile shown in Figure 7. (c) DEM from stereo processing. (d)

365 DEM from SfM processing. (¢) Elevation difference Ah between stereo DEM and lidar point cloud and same for SfM (f). A version of Figure
6 using color vision deficiency (CVD)-friendly color palettes for panels (b), (c), and (d) is provided in Figure A2.
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We can therefore rule out that these darker areas are shadows. The darker areas, however, could also represent cryoconite, a
dark sediment at the bottom of supraglacial lakes that mainly consist of small mineral particles (dust, soot, volcanic ash),
organic matter (algae, etc.), and black carbon, which seems not to be the case here. Shadowing from the low angle sun
illumination (azimuth: 141.57° E, altitude: 18.92° at the time of overpass) reveals small features that reflect the surface

roughness of the lake bottom (Figure 1).

4.1.1 Lidar-derived bathymetry and differential penetration at 532 nm at Lake NW

Lidar-derived water depths of supraglacial lakes can be biased because green (532 nm) laser light not only penetrates water, it
can also penetrate clear ice. Differential penetration is the variation in how deeply green laser light penetrates and scatters
within the bulk volume of thin ice versus snow or open water. Differential penetration into ice can cause range and subsequently
depth bias from subsurface volume scattering (e.g., Studinger et al., 2024; Smith et al., 2025, 2018; Fair et al., 2024).
Penetration of the laser light into ice can be detected from broadening of the return laser pulse. There are several factors that
can cause pulse broadening of the return waveform and therefore range biases. In general, the slope and roughness of the
surface within the illuminated lidar footprint can broaden the return pulse (Brenner et al., 2012; e.g., Studinger et al., 2024).
Pulse broadening caused by surface slope and roughness is typically equally distributed in the leading edge and the tail and
symmetric around the maximum of the pulse (Brenner et al., 2012; Studinger et al., 2024; Smith et al., 2018; Fair et al., 2024;
Smith et al., 2025). Because of its symmetry around the maximum, it does not cause range biases when commonly used range
trackers such as pulse centroids or Gaussian waveform fitting are used, however, it can cause range biases for leading edge
trackers though (Smith et al., 2018).

Over Lake NW, differential penetration manifests itself in two ways: subsurface penetration in layers in thin ice and
subsurface penetration at the lake bottom. The first form is similar to observations over newly formed sea ice where the floating
sea ice can appear several tens of cm below surrounding lidar measured water surface elevations, because of differential
penetration into the thin ice (Studinger et al., 2024). The lidar elevation biases over thin ice over Lake NW can be seen in a
profile near the edge of the swath with the highest lidar point density (Figure 6b). The elevation profile in Figure 7 shows the
elevation of the open water above the biased elevation of the multiple layers of thin lake ice along the profile. Numbers along
the profile mark the same features in profile and map view (Figure 6b, Figure 7). The return signal strength is indicative of

changing reflectivity of the different features, primarily caused by surface roughness.
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Figure 7: Profile of lidar elevations across Lake NW. For location of profile see Figure 6b. Numbers along the profile mark the same features
in the profile and map view in Figure 6b.

The second form of differential penetration occurs at the lake bottom and to our knowledge has not been described yet in the
literature. We have selected two lidar waveforms of the wide (T6) and narrow (T7) scanner over the shallow and deep parts of
the lake (Figure 1a) and determined the pulse broadening of the waveforms using an approach we have previously developed
(Studinger et al., 2024). To distinguish instrument-related pulse broadening from changes in pulse width and shape caused by
geophysical interaction across a target surface we first determine the impulse response function (IRF) from laser footprints
over a target with no penetration, and surface roughness or slope that can be neglected over the size of a lidar footprint. We
stacked and normalized all return waveforms over the flat concrete surface of the ramp at Thule Air Base (now Pituffik Space
Base) from a pass over the ramp on September 9, 2019, manually excluding off-ramp footprints and returns from aircraft and
vehicles parked on the ramp based on georeferenced optical images (Figure ). Figure 8 shows the pulse broadening at the
water-ice interface at the lake bottom. The waveforms from the air-water interface do not show pulse broadening compared to
the IRF from the ramp pass, meaning that the air-water elevations have no penetration-related bias. The pulse broadening
determined from the pulse width of the water surface divided by the pulse width of the bottom return is 1.69 for both T6 and
T7. This suggests that pulse broadening does not scale with water depth or angle of incident. We can therefore rule out
detectable contributions from these two effects to the pulse width and shape observed over the lakes. This is consistent with
the visual appearance of low turbidity in the optical images and hence low volume scattering within the water column. We
have estimated the elevation bias resulting from differential penetration between -3 and -5 cm, however, this estimate is
sensitive to how the IRF and lidar waveforms are aligned. It does reflect, however, a robust order of magnitude estimate and
shows that the elevation bias at the lake bottom is much smaller than over the layers of thin ice on the surface. The varying
changes in lidar elevation bias ranging from a few cm to several tens of cm over a short profile create challenges that we will

discuss in the following sections.
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Figure 8: Pulse broadening of lidar waveforms caused by subsurface differential penetration of 532 nm light at the lake bottom (water-ice
interface) of Lake NW. (a) T6 wide scanner. (b) T7 narrow scanner. For locations of waveforms see Figure 1.

4.1.2 Comparison of plain processing without refraction correction

To merge and blend the individual overlapping DEMs created from stereo point clouds we use the standard deviation of the
vertical uncertainty determined for the stereo point cloud as inverse weights for each pixel. During DEM merging and blending
with dem mosaic pixels with larger convergence angles and therefore smaller vertical uncertainty are given more weight.
This option, however, is not available in the bathymetry module. We use 9 images for the stereo processing that we process in
8 pairs with images 1.0 secs apart to maintain optimal convergence angles.

To facilitate a more direct comparison we have aligned both DEMs with the ice surface elevations from the T6 lidar
(Figure 6b) excluding lidar points at the lake bottom and limiting horizontal displacement to 5.0 meters during the alignment.
Because of the varying elevation biases in the lidar this is not ideal, but it makes the elevations from two DEMs comparable
since both are referenced to the same data. For SfM processing the lidar point cloud was used to constrain DEM generation.
The stereo DEM had a 25 cm elevation bias that was removed during alignment with no obvious tilt.

Figure 6 (c and d) show the plain DEMs without refraction correction. Both methods resolve features visible in the

RGB image mosaic well; the stereo processing, however, has some small gaps over the deep basin. The hill shading applied
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to the DEMs reveals subtle differences in surface texture between the two methods. SfM processing shows a slightly smoother
surface compared to stereo processing. The subtle changes in surface roughness visible in both DEMs correlate with the bands
of multiple thin ice layers. The stereo processing seems to resolve slightly more of that variation in surface roughness
interpreted from the RGB imagery. The elevation difference Ah between the two DEMs and the lidar point cloud over snow
and ice surfaces is 0.09 m (1-c standard deviation) for both (Figure 6e, f). The sterco DEM appears to have smaller extremes
(stereo: -0.70m, +0.57; SfM -1.72m, +0.95 m). The elevation differences show the expected random pattern which is
overprinted by elevation changes that correlate with the visible bands of multiple thin ice layers. The reason for this is that the
lidar elevations are biased over the bands because of differential penetration. The stereo and SfM methods using optical images
are not sensitive to that.

The elevation difference Ah between the two DEMs is shown in Figure 9 and has a standard deviation of 0.21 m.
When masked to water pixels only, the standard deviation increases to 0.26 m because the steeper lake-bottom topography
amplifies elevation differences arising from small geolocation offsets. In contrast, restricting the analysis to the ice surface
pixels outside the water surface yields a lower standard deviation of 0.18 m, consistent with the comparatively flat and
homogeneous ice surface, where geolocation differences result in smaller elevation variations. Ah shows the highest values
around the lake edges, where small differences in geolocation between the two methods cause large differences in elevation.
The smallest elevation differences are over the flat lake ice area in the center of the DEM. The area in the upper left (northwest)
with rounded features in slightly translucent lake ice appears to have more noise compared to other areas. The reasons for that
remain unclear. The larger difference of 0.18 m between the DEMs when compared to the 0.09 m difference with the lidar

point clouds may reflect the overall accuracy of the methods applied to our data.

06 -04 -02 00 02 04 06
Ah ASP - SfM (plain) [m]

Figure 9: Elevation difference Ah between the plain ASP stereo and SfM DEMs over Lake NW.
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4.1.3 Comparison of bathymetry estimates

For the stereo bathymetry processing of Lake NW, we have identified the water pixels in each image with the NDWTic.
approach as input for the SAM refinement. The challenging part was to define the water surface elevation for bathymetry
processing. Because of the varying elevation biases from differential penetration, we did not use the lidar water surface
elevation. Instead, we follow the approach of Dietrich (2026) to determine the water surface elevation consistent with the plain
processed DEMs from cross sections over the lake edges in both the stereo and SfM DEMs. Figure 10 shows the bathymetry
calculated from stereo processing with ASP’s bathymetry module (a) and the bathymetry estimated from SfM processing using
pyBathySfM for refraction correction (b). Both elevation models show similar structures with shallow water depths near the
shore and a deep basin with water depths up to 7.5 m. Both methods also resolve bottom crevasses visible in the imagery. The
lidar point cloud only covers the shallow parts of the lake without lidar returns in a crevasse and a narrow band of lower
bathymetry. The elevation differences show no discernible spatial patterns and instead appear to reflect random noise inherent
in the data and methods. The elevation difference Ah between the stereo bathymetry and lidar bathymetry has a standard
deviation of 0.12 m, with minimum and maximum values of -0.35 m and 0.37 m, respectively (Figure 10a). For the corrected
SfM bathymetry, the standard deviation of Ah is 0.13 m with minimum and maximum values of -0.44 m and 0.45 m,
respectively (Figure 10b). The 1-o elevation difference of both the stereo and SfM derived bathymetry is slightly bigger than
the 1-o difference of the plain processed DEMs compared to the lidar ice surface (Ah = 0.09 m). There are several possible
reasons for this: First, the slightly steeper terrain at the lake bottom could contribute to larger elevation errors resulting from
errors in geolocation of each method. Second, bathymetric processing of the lidar point cloud may introduce additional
uncertainties compared to the standard processing, increasing elevation errors in the bathymetry lidar point cloud compared to
the ice surface. One reason is that not all lidar waveforms have surface and bottom returns. For the waveforms with only
bottom returns we use a mean water surface elevation from the points with surface return slightly increasing elevation
uncertainty (Studinger et al., 2022a). Third, applying refraction correction to stereo and SfM DEMs likely increases elevation
errors from several sources, such as the uncertainty in water surface elevation used for processing. The SfM refraction
correction is an iterative process (Dietrich, 2017) that requires smoothing which could also increase elevation error. Most
likely all three sources contribute to the overall increase in elevation errors of the bathymetry grids.

Lastly, we compare the bathymetry DEMs of the stereo and SfM approaches directly (Figure 10c). We have removed
outliers around the lake edges that are caused by small geolocation errors over steep elevation gradients because they do not
represent the accuracy of the two methods over typical lake bottom relief. The elevation differences Ah appear to be mostly
random, however, there seems to be a slight increase in variability towards deeper lake bottom elevations that follows the
elevation contours of the DEMs. This change is most pronounced over the deepest part of the lake basin. The histogram of Ah
has a standard deviation of 0.32 m, which is again higher than the difference between the plain DEMs over the lake of 0.26 m

(Figure 10c) and likely reflects additional elevation uncertainty introduced from the refraction correction.
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Figure 10: Lake bottom topography for Lake NW with elevation difference Ah between image-based and lidar methods. (a) ASP stereo
processing with bathymetry module. (b) SfM processing with pyBathySfM refraction correction. (c) Ah between stereo and SfM processing.

4.2 Lake CW

Lake CW in central west Greenland (Figure 2a) has different challenges for bathymetric processing than Lake NW. Lake CW
is surrounded by several small bodies of water with different lake elevations (Figure 11). There is no newly formed thin ice
covering this lake, but there are several small ice floes that do not pose a challenge for bathymetric processing since they do
not bias lidar elevations and are properly identified as snow and ice surface pixels during NDWI;. classification (Figure 11a).
The main challenge for Lake CW is the presence of wind-induced capillary waves on the surface of the lake. The waves
themselves are not visible in the images. The refraction of incident sunlight on these waves creates a pattern of highly variable,
localized spikes of concentrated illumination on the lake bottom, known as caustics. Caustics can be seen in natural color
images as spatially varying brightness patterns on the lake bottom (Figure 11a). These features are not stationary and vary in
location and appearance even over the short time between successive image acquisitions. Little is known about the basic
characteristics of surface waves on supraglacial lakes, including their amplitude, wavelength, and propagation speed. We
attempted to use the lidar point clouds, which have approximate footprints of 0.6 m, to estimate some of these parameters from
lake surface returns. However, as expected, the lidar data do not reveal clearly identifiable features from which amplitude,
wavelength, or propagation speed of the surface waves—and the resulting caustics on the lake bottom—could be extracted.
Because caustics are highly non-stationary, they degrade the performance of image-matching algorithms used in SfM and
stereo reconstruction: algorithms either fail to detect sufficient interest points between image pairs or introduce substantial

noise into the DEMs from false correlations.
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Figure 11: Lake CW stereo and SfM results without refraction correction (plain). For location of the lake see Figure 2a. (a) Natural color

image mosaic. Inset maps show caustics on the lake bottom from single images. (b) Lidar point cloud and lidar-derived bathymetry. (c) DEM

from stereo processing. (d) DEM from SfM processing. A version of Figure 11 using CVD-friendly color palettes for panels (b), (c), and (d)
510 is provided in Figure.
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We applied the same processing approach to Lake CW as to Lake NW using 11 consecutive images. The only
difference is that both bathymetry DEMs were aligned to the lidar ice surface elevation outside the lake, due to substantial
elevation errors over the lake that are likely caused by caustics, as discussed below. Lake CW is fully covered by the lidar
point cloud from both scanners and shows water depths of over 6 m (Figure 11b). The main features of this lake from imagery
and lidar mapping were previously described by Studinger et al. (2022a). We again first use the plain stereo and SfM processed
DEMs without refraction correction for a direct comparison. The stereo DEM from plain stereo processing shows the same
general structure that can be seen in the visible image mosaic and lidar lake depth including several deep bottom crevasses
(Figure 11). However, the DEM shows areas with significant data gaps where the matching algorithm did not detect the same
feature in subsequent images due to the non-stationary nature of the caustics. The SfM DEM does not contain data gaps but
appears to have significant elevation errors over the main lake. SfM processing resolves the same general structure as seen in
visual images, lidar lake depth and stereo DEM, including bottom crevasses. However, over large parts of the lake the StM
DEM shows elevations above the water surface in areas where caustics can be seen in the imagery. Instead of detecting noise
from caustics and excluding these areas, SfM appears to derive elevations that contain large errors.

The elevation difference Ah between the plain DEMs shows significantly larger values over the water bodies within
the area and good agreement over snow and ice surfaces (Figure 12). Over the main lake elevation differences are significantly
higher compared to Lake NW with no caustics. The differences are smallest over the deep crevasses that show no caustics.
Over the deep crevasses we do not observe the caustic pattern (inset map A in Figure 11a). It is unclear whether the absence
of caustic patterns in bottom crevasses is specific to the circumstances of this lake or a more general phenomenon. The caustics
are mostly visible in the shallow parts of the lake. We hypothesize that two factors contribute to that pattern: First the formation
and wavelength of wind-induced surface waves could be related to water depth. Second, the deepest parts are often dark
crevasses with steep topography that could weaken the optical effect of caustics compared to flat lake bottom (inset map A in
Figure 11a).

The lake bottom DEMs with refraction correction both show similar structures as the plain DEMs (Figure 13). For
SfM processing with pyBathySfM we have filtered out erroneous pixels above the water surface elevation, since the refraction
correction will not return correct lake bottom elevations for these areas. Both DEMs resolve the pattern of bottom crevasses
visible in the imagery and lidar point cloud (Figure 11). The elevation difference Ah between the lake bottom DEMs and the
lidar lake bottom elevation shows much larger values compared to Lake NW because of the caustics (Figure 13). This is also
the case for the lake bottom elevation differences between stereo and SfM (Figure 14).

The refraction correction for all three methods assumes a flat, horizontal water surface without surface waves. Among
the three methods, the lidar-derived depths most closely match the water-depth patterns suggested by color variations in the
imagery (Figure 11), however, the true lake bottom topography is not known. A possible explanation is that the photons within
a laser footprint on the water surface average any topography from waves and resulting refraction within the footprint area (64
cm), which could reduce some of the noise introduced by surface waves depending on their wavelength. The refraction

correction for the lidar is applied in the time domain and therefore changes the range (Figure 4). An uneven or tilted water
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surface alters the refraction geometry, producing a shift in the apparent location of the laser footprint on the lake bottom. The
magnitude of this shift increases with the angle of incidence of the lidar beam on the water surface. This in turn increases errors
in water depth. We therefore assume that bathymetry estimates from the narrow scanner (T7) with an off-nadir angle of 2.5°
are less impacted by surface waves than the wide scanner (T6), which has an off-nadir angle of 15°. Another source of error
comes from the fact that not all lidar lake bottom returns have a water surface return. To use these lidar pulses we calculate
the intersection of the lidar beam with a mean water surface elevation, which in the presence of surface waves does not
necessarily reflect the actual elevation at the intersection (Studinger et al., 2026a). The standard deviation of the water surface
lidar returns for Lake CW is £0.03 m and slightly larger than £0.02 m for Lake NW. The larger standard deviation for Lake
CW is potentially caused by the presence of surface waves. However, we cannot rule out that improvements made to the lidar
instruments also might contribute to the smaller standard deviation over Lake NW.

The refraction correction for stereophotogrammetry and SfM uses the spatial domain (Figure 4). The geometry of the
light rays between the camera, water surface and feature on the lake bottom is used. Rays from image pairs taken from different
locations in Point A and B intersect different locations on the water surface and will likely have different errors in angle of
incidence when surface waves are present (Figure 4). The resulting depth error increases with increasing angles of incidence

and is therefore counteracting better vertical accuracy for larger convergence angles.

1.0 0.0 1.0
Ah ASP - SfM (plain) [m]

Figure 12: Elevation difference Ah between the plain ASP stereo and SfM DEMs over Lake CW.
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Figure 13: Lake bottom topography for Lake CW with elevation difference Ah between the image-based methods and lidar point clouds.
565 (a) Stereo processing with bathymetry module and refraction correction. (b) SfM processing with pyBathySfM refraction correction applied.
(c) Ah between stereo bathymetry and lidar point cloud. (d) Same for the SfM DEM with pyBathySfM refraction correction.
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Ah ASP - SfM (lake bottom) [m]

Figure 14: Elevation difference Ah over Lake CW between the lake bottom elevation from ASP stereo processing and SfM with refraction
correction applied. Inset shows histogram distribution of Ah with normal distribution (red curve).

5 Discussion and remaining challenges

Our results show that stereophotogrammetry and SfM can be used to derive high-resolution bathymetry of supraglacial lakes
on the Greenland Ice Sheet using aerial images, even for data acquisitions that have not been specifically designed for the
purpose. We compared two different image-based approaches to bathymetry derived from topobathymetric lidars. Our
evaluation shows that image-based methods can produce bathymetry at higher spatial resolution than lidar-derived bathymetry,
making them suitable for process-related studies and scientific applications that require high resolution detail. To our
knowledge, our work is the first attempt to use airborne imagery for bathymetric mapping of supraglacial lakes on the GrIS
and a comparison with coincident lidar-derived topo bathymetry.

Our comparison shows that each method has its unique challenges and limitations that we have discussed in the result
sections. For the image-based methods caustics caused by surface waves are the main limitation. There are currently no
solutions available that can address surface waves and the resulting caustics, but two avenues of research can be explored. The
first one is to potentially turn caustics from noise into a signal using synchronized image acquisitions from two spatially
separated platforms from different locations. This could be accomplished with small drone surveys. For piloted aircraft surveys,
this will require two or more airplanes, significantly increasing cost and logistics. Simultaneous image acquisitions from

different locations can likely address the non-stationary issue of caustics. However, the refraction on a wave-distorted water
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surface and the resulting impact on the location of the caustic pattern on the lake bottom, with different ray paths from different
camera locations will likely remain a limitation and impacting accuracy. The second possibility is a method called airborne
fluid lensing that can remove distortions caused by refraction of light on surface waves (e.g., Bouchelaghem et al., 2026;
Chirayath and Earle, 2016) and has been used to create bathymetric DEMs for shallow water from airborne data (Chirayath
and Instrella, 2019).

Man et al. (2025) summarized the three main remote sensing bathymetry methods commonly used for supraglacial
lake studies: empirical formula method (EFM), radiative transfer method (RTM) and depression topography method (DTM).
The EFM uses statistical relationships between water depth and image reflectance. The relationships are derived using
independent bathymetry estimates such as ICESat-2. The RTM uses physical models of light propagation in water to determine
the distance light has traveled in water, based on the spectral band and assumed optical properties of the water column. The
DTM is based on high-quality DEMs of empty lake basins after a lake has drained. It determines a lake shoreline location from
remote sensing imagery when the lake basin is filled with water, and the elevation of the water surface can be determined from
the drained lake DEM. For a comprehensive discussion of assumptions, limitations, and biases of each method we refer to
Man et al. (2025). The three different methods discussed in Man et al. (2025) have limitations in common with the methods
discussed here: the presence of surface waves and thin ice cover. There are currently no solutions available that can address
these challenges for any of the methods.

We have observed and documented for the first time subsurface volume scattering of green laser light within the lake
bottom of a supraglacial lake. We are not aware the depth bias from subsurface volume scattering has been described or
evaluated for lake or sea ice melt ponds depths derived from ICESat-2. Since ICESat-2 and the ATM lidars use the same
wavelength (532 nm) the interaction of green photons with ice is the same and some bias can be expected in ICESat-2 data. In
addition to the bias from the physical interaction between photons and ice are differences from the different retrieval algorithms
used to determine the interface (Smith et al., 2025; Studinger et al., 2024). While the estimated bias is relatively small in the
ATM data and is approaching the measurement accuracy (Figure 8) we hypothesize that the depth bias from subsurface volume
scattering likely plays a larger role in very shallow lakes and sea ice melt ponds.

Advancing our understanding of the interconnected, complex, hydrological system of the GrIS requires improvements
in both temporal and spatial detail to enable sophisticated hydrological modeling of the processes and mass fluxes.
As can be seen in the image of Lake CW (Figure 11), supraglacial lakes often occur in groups connected by streams. The water
bodies have often different water elevations requiring individual treatment for bathymetry estimates in both stereo and SfM
processing. It will be challenging to develop an automated processing pipeline that can handle tens of thousands of images
acquired during a survey flight and subsequently entire campaigns that are often repeated on an annual basis. In terms of
temporal evolution, the time between satellite passes or airborne repeat flights is likely not sufficient to fully capture the
seasonal changes in water level and size of the lakes, limiting our understanding of these features and how they respond to

environmental drivers.
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While space-based methods have the advantage of good spatial and temporal coverage, their limited spatial resolution
is not suitable for every research application. Aerial imagery taken from conventional aircraft or small uncrewed aerial
platforms can complement the spaceborne bathymetry estimates, particularly when combined with data from topobathymetric
lidars collected from the same platform. Broadening science applications with high-resolution data will advance our
understanding of the hydrological system of ice sheets and in turn provide more accurate mass balance estimates that are

required for sea level projections.

6 Conclusions

Our results show that supraglacial lake bathymetry can be mapped at high spatial resolution using stereophotogrammetry and
SfM reconstruction of topobathymetric DEMs. The stereographic method we use accurately accounts for refraction in water
(Palaseanu-Lovejoy et al., 2023). The SfM approach uses an iterative refraction correction for SfM to accurately determine
the lake bottom topography (Dietrich, 2017). We have compared the results from the two image-based methods with each
other and with coincident bathymetry estimates from topobathymetric lidars with accurate three-dimensional refraction
correction applied. Because of the limited availability of opportunistic airborne data, we do not have a robust estimate of how
surface waves, caustics, steep crevasses and other factors impact the accuracy of the three different bathymetry estimates.
However, all three methods show generally good agreement when no surface waves are present and in areas with no abrupt
elevation changes.

Each method has its own limitations and biases. By analyzing changes in the shape of lidar waveforms between survey
targets with no differential penetration and supraglacial lakes we have shown for the first time that green photons can penetrate
below the lake bottom surface resulting in a range and therefore elevation bias. The effect we observed, however, is small and
comparable to the vertical uncertainty of the lidar instruments used.

The high spatial resolution that can be achieved with image-based methods can currently not be replicated with
existing state-of-the-art topobathymetric portions of topobathymetric lidars due to the beam divergence of existing lidars and
the resulting footprint size. Furthermore, lidar pulse repetition rates of currently available airborne lidars are not sufficient for
achieving the same high point density as in optical images. However, continuing improvements in lidar pulse repetition rate,
and beam divergence, and multi-segment detection will likely narrow that gap going forward.

We used aerial imagery and lidar data for this study that were not specifically designed or intended to be used for
bathymetric mapping. In terms of survey design, long flight lines with no lateral overlap between images are known to be
problematic for stereo and SfM processing, which is the typical regional aerial survey design because of cost considerations.
However, we have shown that this limitation can be largely overcome with accurate trajectory and attitude data and camera
calibration. We can expect that dedicated survey and instrument design will improve the accuracy of these methods. There are
currently no solutions for limitations like thin ice cover, surface waves, and caustics, which also impact many of the spaceborne

methods discussed in this paper. The accuracy and spatial resolution demonstrated here shows that bathymetric mapping from
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650 aerial imagery can make an important contribution to studying supraglacial lakes and advance our knowledge and

understanding of the hydrological system of the GrIS.
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Figure Al: Surface temperature (black crosses) from the Moderate Resolution Imaging Spectroradiometer (MODIS) with surface melt
indicators (red circles and blue stars) for the two campaigns (gray boxes) at the locations of the two lakes (Hall and DiGirolamo, 2019; Hall

et al., 2018) shown in Figure 2. Dashed vertical lines mark the days of airborne data acquisition over the lakes. (a) Lake NW and (b) Lake
660 CW.
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Figure A2: Alternative version of Figure 6 using CVD-friendly color palettes from Crameri (2023). Lake NW stereo and SfM results without
refraction correction (plain). For location of the lake see Figure 2b. (a) Natural color image mosaic. (b) Lidar point cloud and lidar-derived
665  bathymetry with location of profile shown in Figure 7. (¢) DEM from stereo processing. (d) DEM from SfM processing. (e) Elevation
difference Ah between stere DEM and lidar point cloud and same for SfM (f).
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Figure A3: Airport ramp at Pituffik Space Base in northwest Greenland (formerly Thule Air Base). The flat concrete area on the ramp that

670 s used for range calibration and bias monitoring of the two lidars is outlined by a black dashed line with elevations from the wide scan T6
and narrow scan T7 lidar point clouds. Background image is a natural color image mosaic of 16 CAMBOT L1-B images from the overpass
on 9 September 2019 spanning 1240 x 300 m. The image mosaic is available as part of this paper (Studinger et al., 2026b).
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675 Figure A4: Alternative version of Figure 11 using CVD-friendly color palettes from Crameri (2023). Lake CW stereo and SfM results
without refraction correction (plain). For location of the lake see Figure 2a. (a) Natural color image mosaic. Inset maps show caustics on the
lake bottom from single images. (b) Lidar point cloud and lidar-derived bathymetry. (c¢) DEM from stereo processing. (d) DEM from SftM
processing.
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Code and data availability:

Code: The Python™ code and tutorials developed for this work are available at https://doi.org/10.5281/zenodo.18924664

(Studinger et al., 2026a). The MATLAB® code for lidar processing was previously described and published (Studinger et al.,
2022a) and is available at: https://doi.org/10.5281/zenodo.6341230 (Studinger, 2022).

Data: NASA’s Operation IceBridge airborne data products are available at the NSIDC (https://nsidc.org) and through NASA
Earthdata (https://www.earthdata.nasa.gov/). The lidar range calibration data previously published (Studinger et al., 2022b) is
available at together with MATLAB® code: https://doi.org/10.5281/zenodo.7225937. Camera files and trajectories used in
this paper are published as part of this paper at: https://doi.org/10.5281/zenodo.21111997 (Studinger et al., 2026b).

This study uses Sentinel-2 data from the European Space Agency’s Copernicus program, which is available at

https://dataspace.copernicus.eu/explore-data/data-collections/sentinel-data/sentinel-2 (European Space Agency (ESA), 2025).

The ice surface temperature and ice surface melt indicator from MODIS (Hall and DiGirolamo, 2019; Hall et al., 2018) are

available at NSIDC at https://doi.org/10.5067/7THUWTINMPDK (Hall and DiGirolamo, 2019).
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