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Non-perennial streams, characterized by intermittent or episodic flows, comprise 
over half of global river networks and play an essential role in several ecosystem 
functions. Accurate stream channel topography is critical for representing flow, 
hyporheic exchange, and nutrient transport. Although many studies have applied 
Unmanned Aerial Vehicle (UAV)-based Structure-from-Motion (SfM) to 
reconstruct river and terrain topography, they have focused more on larger 
rivers or steep terrain and often relied on RTK-GNSS and ground control 
points (GCPs), leaving the performance of low-cost workflows for small non- 
perennial streams lacking evaluations. This study quantitatively evaluates the 
accuracy of multiple cost-efficient approaches for reconstructing 3- 
dimensional (3D) stream riverbeds: (1) a UAV imagery-based SfM approach, 
machine learning-based 3D reconstruction model, (2) Visual Geometry 
Grounded Deep Structure from Motion (VGGSfM), and (3) Visual Geometry 
Grounded Transformer for long sequence of images (VGGT-Long), and (4) 
handheld smartphone LiDAR scanning. The accuracy of the reconstructed 
topography was assessed against field measurements from a tripod optical 
level and GCPs GPS positions. UAV-based SfM emerges as the most effective 
and accessible method for accurately mapping non-perennial streambeds. Its 
planimetric error is around 1 m, and the ground elevation error is around 0.04 m. 
Although machine-learning based reconstructions substantially reduce 
computation time, they do not achieve comparable accuracy. Their 
planimetric error is over 5 m, and the ground elevation error is above 0.18 m. 
Likewise, iPhone LiDAR is not suitable for long reaches because cumulative sensor 
drift degrades positional and vertical precision, compromising the final 
reconstruction. Propagating these geometric errors into hydraulic and 
biogeochemical calculations showed that SfM yields relatively modest 
uncertainty in inferred water depth, velocity, nitrate uptake velocity, and 
reaeration, whereas the other methods introduce substantially larger 
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uncertainty. This work exemplifies the significant potential for UAV-based surveys 
in characterizing stream habitats and conditions and in supporting reliable 
estimates of hydrobiogeochemical processes.
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error propagation in hydrobiogeochemical processes, handheld smartphone LiDAR 

scanning, machine learning-based 3D reconstruction model, UAV imagery-based SfM 

approach, visual geometry grounded deep structure from motion (VGGSfM), visual 

geometry grounded transformer for long sequence of images (VGGT-long)

1 Introduction

Non-perennial streams, which flow intermittently or episodically, 
are widespread and constitute over 50% of global river networks (Datry 
et al., 2014; Snelder et al., 2013; Stegen et al., 2024). Their substantial 
role to hydrological and biogeochemical connectivity emphasizes the 
urgency of preserving these systems and to improve our ability to 
predict and manage the impacts of human activities on water resources 
(Stegen et al., 2024; Larned et al., 2010). Accurate characterization of 
stream morphology, including channel geometry and 
microtopography, is fundamental to understanding and modeling 
flow routing, sediment transport, nutrient cycling, and habitat 
formation for aquatic and terrestrial organisms, particularly in 
simulation-based studies (Entwistle et al., 2018; Benjankar et al., 
2018; Legleiter and Harrison, 2018).

Traditionally, riverbed topography is mapped using manual 
surveying methods involving field equipment like total station 
theodolite (Keim et al., 1999), terrestrial laser scanner (Lague, 
2020), or optical level kit (Guide to optical levels, 2023). While 
these methods can be highly accurate, they are often time- 
consuming, labor-intensive, and costly, limiting their use in remote 
locations, large spatial campaigns, or community science efforts. 
Advances in photogrammetry and consumer-grade ranging sensors 
have created lower-cost alternatives that can generate digital elevation 
models (DEMs) from images or point clouds (Witek et al., 2025; 
Javernick et al., 2014; Flener et al., 2013; Huai et al., 2025). Among 
these, Structure-from-Motion (SfM) has become a leading approach 
because it can recover camera poses and 3D scene structure from 
overlapping 2D images with high accuracy (Hartley and Zisserman, 
2000; Schaffalitzky and Zisserman, 2002; Schönberger and Frahm, 
2016; He, 2024; Lindenberger et al., 2021). Camera-equipped 
unmanned aerial vehicles (UAVs) further improve efficiency by 
collecting dense imagery over complex terrain with minimal field 
time (Liu, 2023) for wide range of applications (Eltner et al., 2016; 
Wang et al., 2025), such as soil erosion (Wang et al., 2025; Medeiros 
et al., 2025), glacial geomorphology (Sledz et al., 2021; Lamsters et al., 
2022), landslide displacements (Chen et al., 2025; Sestras et al., 2025), 
large-scale riverscape assessment (Giulietti et al., 2022), coastal 
morphology (Novais et al., 2023). Likewise, LiDAR-equipped UAVs 
can efficiently provide accurate topographical scans achieving vertical 
accuracy of ±5 cm (Sestras et al., 2025). However, their cost is typically 
10 to 100 times higher than that of standard camera-equipped UAVs. 
In addition, operating these LiDAR-equipped UAVs usually requires 
highly trained pilots, due to their size and weight. As a result, LiDAR- 
equipped UAVs are not considered a cost-effective solution for stream 
reconstruction (Dietrich, 2016).

Substantial pioneering efforts that applied UAV-SfM imagery 
reconstruction of terrain and stream riverbed topography (Eltner 

et al., 2016; Fonstad et al., 2013; Carbonneau and Dietrich, 2017; 
Dietrich, 2017; Elias et al., 2024; Yavuz and Tufekcioglu, 2023; Dai 
et al., 2023; Rosas et al., 2023; Clapuyt et al., 2017) demonstrated that 
utilizing differential Global Navigation Satellite System (GNSS) 
measurements in real-time kinematic (RTK) or post-processing 
kinematic (PPK) mode, or calibrating using ground control points 
(GCPs), reconstructed topography can achieve centimeter-level 
uncertainty (Eltner et al., 2016; Elias et al., 2024). These advances 
enable detection and monitoring of small geomorphic changes (Rosas 
et al., 2023). However, a gap remains between these studies and 
applications to small non-perennial streams. RTK-equipped UAV 
surveys often require flying above the tallest site features to meet 
safety and operational constraints. In small, tree-lined non-perennial 
streams, canopy cover and tight channel corridors can limit visibility 
and restrict flight paths, making low-altitude, under-canopy imaging 
with lightweight, simple camera-equipped UAVs more feasible than 
standard RTK-based approaches. However, studies evaluating SfM 
accuracy for small non-perennial streambed topography using 
recreation-grade UAVs remain limited.

Although SfM is a long-standing, top-performing approach for 
topographic reconstruction, it is often computationally expensive 
for large image collections. Recent research has therefore explored 
deep-learning approaches, such as Ba-net (Tang and Tan, 2018), 
Deepv2d (Teed and Deng, 2018), and Droid-slam (Teed and Deng, 
2021), that replace or augment standard SfM. By training on large 
datasets of images, camera poses, and 3D scenes, these methods aim 
to enable faster inference while maintaining competitive accuracy on 
new imagery (Wang et al., 2023; Deng et al., 2025; Wang et al., 2022). 
In parallel, consumer devices now integrate active depth sensing. 
LiDAR-equipped smartphones, such as recent iPhone models, offer 
portable tools for near-real-time mapping and may help 
democratize high-precision surveying for individuals and 
community science groups. iPhone LiDAR used with apps such 
as Polycam (2023), Scaniverse (2023), SiteScape (2024), SRL (2024), 
etc. uses laser pulses to measure distances and generate detailed 3D 
maps of surrounding surfaces. LiDAR sensors are still uncommon 
on Android devices, so comparable built-in capabilities are limited. 
In geoscience and environmental applications, iPhone LiDAR 
typically achieves errors ranging from centimeters to tens of 
centimeters, depending on the scan area (Krauskova et al., 2025; 
Oikawa et al., 2025; Luetzenburg et al., 2021; Tatsumi et al., 2022; 
Gollob et al., 2021; Mokros et al., 2021). However, these devices rely 
on internal positioning and orientation systems that can introduce 
drift and cumulative errors—especially when scanning elongated 
features such as stream channels—which may lead to meter-level 
positioning errors (Krauskova et al., 2025). Thus, the accuracy of 
iPhone LiDAR for reconstructing small non-perennial streambeds 
also requires quantitative evaluation.
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A major motivation for reconstructing streambeds using the 
approaches above is hydrobiogeochemical process modeling. Prior 
work has demonstrated strong sensitivity of flow simulations to DEM 
quality. For example, Hardy et al. (1999) showed that small DEM 
differences caused by resolution changes can lead to nearly 100% 
differences in discharge estimates. Cook and Merwade (2009) similarly 
showed that differences in DEM accuracy can produce more than 25% 
differences in predicted inundation maps. Dietrich (Dietrich, 2016) 
compared discharge differences using SfM-versus LiDAR- 
reconstructed streambeds. In addition, previous studies (Kurz et al., 
2017; Young and Huryn, 1999; Tromboni et al., 2022; Mulholland 
et al., 2008; Bernhardt et al., 2018) have shown that, besides incident 
light, stream biogeochemical processes are most strongly related to 
surface-water velocity and depth; therefore, uncertainty in surface-flow 
estimation directly affects biogeochemical process modeling. However, 
most prior research has focused on large-scale or synthetic river 
channels and reaches, so the impacts of reconstruction errors and 
uncertainties for small non-perennial streambeds on associated 
hydrobiogeochemical process estimates remain unclear.

This study addresses these gaps by benchmarking cost-effective 
approaches for reconstructing non-perennial streambed topography 
against ground truth from tripod optical leveling kit measurements 

and GCP GPS positions. The GCPs are used solely to evaluate 
reconstruction accuracy and are not used for calibration. We 
evaluate four competing methods: (1) a UAV imagery–based SfM 
approach, (2) VGGSfM, (3) VGGT-Long, and (4) handheld 
smartphone LiDAR scanning. For each method, we quantify 
planimetric and ground-elevation errors between reconstructed 
surfaces and ground truth, and we further assess how these 
geometric errors propagate into hydrobiogeochemical modeling 
outcomes, including water depth, velocity, nitrate uptake velocity, 
and reaeration rates. Section 2 introduces the four reconstruction 
approaches and the error propagation evaluation method, Section 3
presents the comparative results, and Section 4, 5 discuss implications 
and conclude the study.

2 Methodology

2.1 Study domain and data collection

The stream investigated in this study is a section of Umtanum 
Creek in Washinton state USA, located at latitude 46°54′34.2″N and 
longitude 120°41′24.4″W (Figure 1a). Umtanum Creek drains a 

FIGURE 1 
Locations and the example photos of the non-perennial stream investigated. (a) Area covered by UAV flight (red dot boundary) overlaid on satellite 
image showing the tree cover surrounding the stream channel. The insert map shows the location of the study site; (b) An arial view from UAV of the entire 
study side (facing South); (c) example photo from UAV 2D capture mode showing the two GCPs on both stream banks; (d) example photo from UAV side- 
view mode while flying the transect over the channel bed.
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small, mixed land-use basin characterized by a mediterranean 
climate (wet winters, dry summers), episodic high flows, and 
extended low-flow and dry periods, making it representative of 
non-perennial streams found widely across the interior Pacific 
Northwest and other semi-arid regions of western North 
America. The surrounding landscape consists primarily of shrub- 
steppe and grassland with ~10% ponderosa pine, as the aerial view 
shown in Figure 1b. Data collection was conducted on 18 October 
2024, during which the non-perennial stream was completely dry.

Ground truth measurements of the stream riverbed were obtained 
using a tripod-mounted optical level kit (BOSCH GOL 32CK 32X). 
Eighteen transects were evenly distributed along a ~200-m-long 
section of the stream, spaced approximately 10 m apart. Each 
transect has two GCPs, one on the left bank (facing downstream) 
and one on the right. Along each transect, 7–8 points were measured at 
average intervals of 60 cm. The position of the tripod optical level kit 
served as the reference point, and two tripod positions were used both 
approximatively ~150 m from the stream. The relative height 
differences between the points on the transects and this reference 
point were recorded, and then be used to back calculate the absolute 
elevation of the points along transects (King, 2024).

For the reconstruction, images were collected using the UAV 
Skydio 2 (Skydio, 2024). The UAV was programed to firstly use 2D 
capture mode that sets the camera facing the ground at 90° 

(Figure 1c), a flight height of 6.5 feet (~2 m), and an overlap of 
80% between two adjacent photos. An example of the photos in 2D 
capture mode is shown in Figure 1c. After the 2D capture mode, the 
UAV flew along the boundary of the survey region in side-view 
mode, in which the camera tilted 60° downward from horizontal 
(Figure 1d). A total of 3,098 photos were captured for the 
investigated stream. Likewise, for the iPhone LiDAR scanning, 
one field staff member held an iPhone and walked along the 
centerline of the dry streambed from the downstream to the 
upstream end. During scanning, the 3D Scanner app displayed, 
in real time, which regions had been adequately captured and which 
had not. The field staff member adjusted the iPhone’s orientation to 
target areas flagged as missing data and repeated this procedure until 
the app indicated full coverage. The app then processed the collected 
data and generated a 3D model of the streambed in a few minutes.

2.2 Reconstruction of riverbed

Four approaches were evaluated for reconstructing the riverbed 
of the investigated non-perennial stream. The first one is the 
standard Structure from Motion (SfM) (Ullman, 1979) algorithm 
to transform the collected UAV images into 3D representations of 
ground surface. The second one is a machine learning based 
approach, Visual Geometry Grounded Deep Structure from 
Motion (VGGSfM) (Wang et al., 2023) using the same UAV 
images. The third one is Visual Geometry Grounded 
Transformer for long sequence of images (VGGT-long) (Deng 
et al., 2025) using the same UAV images as well. The fourth 
approach is 3D scanning using the Apple iPhone integrated 
LiDAR (Shan and Toth, 2018). The first three methods are based 
on the same UAV imagery, while the fourth provides a distance 
point cloud directly measured by laser pulses. Because the horizontal 
origins differed across reconstructions, each reconstructed riverbed 
was translated in x and y directions so that the 11th GCP on the left 

bank coincided with its GPS measured position. The machine- 
learning reconstructions (VGGSfM and VGGT-Long) lacked 
absolute elevation referencing. Their surfaces were therefore 
vertically offset by +833 m and +828 m, respectively, so that the 
elevation at GCP-L #11 matched the ground-truth measurement. In 
contrast, the SfM and iPhone LiDAR reconstructions used sensor- 
derived elevations referenced to sea level and required no vertical 
adjustment.

2.2.1 Structure from motion algorithm

The standard SfM algorithm that reconstructed the riverbed 
from UAV photos was implemented in OpenDroneMap (ODM) 
(Open Drone Map, 2025). The SfM process initiates with the 
detection of distinctive features points in the images. Scale- 
Invariant Feature Transform (SIFT) (Lowe, 1999; Gonzalez and 
Woods, 2017) is one of the most popular methods that detect the 
distinctive feature points from each image and match them across 
multiple images. The GPS and elevation information in the image 
EXIF (IPTC, 2025) are usually used to determine the query image 
candidates in a feature matching step to accelerate the calculation. 
After the feature points detection and matching for all the images, all 
the matched points’ coordinates can be expressed as 􏿻xf,i, where the 
subscript i refers to the index of matching points on the image frame 
f. The two-view geometry method estimates the essential matrix E
for enforcing 􏿻xTf0 ,i

E 􏿻xf0+1,i � 0, where 􏿻xf0 ,i and 􏿻xf0+1,i stand for the 
coordinate matrix of the matching points on the frames f0 and 
f0 + 1. The essential matrix E then can be decomposed as E � tR by 
the Singular value decomposition (SVD) method, where t covers the 
camera translation matrix, and R covers the camera rotation matrix. 
The 3D world coordinates of the matching feature points in the first 
two picked images can be calculated by the linear triangulation 
algorithm. After initialization of the 3D scene from the firstly picked 
images, new images can be added into the reconstruction one by 
one. This step can be repeated until all the images and feature points 
are added into the reconstructed 3D scene. When reprojecting the 
3D scene points back to each image using their own camera 
translation and rotation matrixes, there are unavoidable errors. 
For reducing these reprojection errors, SfM conducts global 
optimization to adjust or fine tune all the camera project 
matrices and the 3D scene points through Bundle Adjustment 
(BA) (Triggs et al., 1999; Lourakis and Argyros, 2009). The 
algorithm then performs dense reconstruction using advanced 
Multi-View Stereo (MVS) techniques, projecting all the pixels, no 
matter if feature points or not, on each image to the 3D scene using 
the global optimized camera projection matrices. The dense point 
cloud then is processed into a 3D mesh, with texturing algorithms 
mapping the original images onto the mesh to produce a 
photorealistic model. Finally, ODM generates high-resolution 
Digital Elevation Models (DEMs), isolating the ground surface, 
and orthophotos, which are geometrically corrected aerial images 
with uniform scale, producing accurate and detailed geospatial data.

2.2.2 Visual geometry grounded deep structure 
from motion

Recent deep learning methods aim to enhance or replace the 
standard SfM method. VGGSfM is the first fully differentiable 
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pipeline, so it can be trained in an end-to-end manner and once 
achieved state-of-the-art accuracy in 2023. It demonstrated that 
learned systems can surpass classic SfM on real-world dataset such 
as buildings and street scenes (Wang et al., 2023). VGGSfM 
implements SfM via a single function fθ(I) � P,X. The input I
represents all the images. The output P represents the camera 
parameters, and X represents the point cloud of the 
reconstructed 3D scene. All the parameters θ in function fθ is 
trainable by minimizing the training loss L. The loss is the 
differences between the function outputs (P, X) and the ground 
truth camera parameters and scene. The training dataset for the 
ground truth is usually from either standard SfM or the synthetic 3D 
scenes. The reconstruction function fθ is decomposed into four 
seamless stages: 1) point tracker T � τ(I); 2) initial camera estimator 
P̂ � ζP(I, T); 3) triangulator X̂ � ζX(T, P̂); and 4) Bundle 
Adjustment P,X � BA(T, P̂, X̂). The point tracker uses 2D 
convolutional architecture (Harley et al., 2022; Karaev et al., 
2023) as the backbone. The initial camera estimator uses ResNet 
(He et al., 2016) as the backbone. The triangulator uses transformer 
model (Dosovitskiy, 2024; Vaswani et al., 2017). The Bundle 
Adjustment uses fully differentiable second-order Theseus solver 
(Pineda, 2023). In this study, the publicly available pre-trained 
model was directly applied on the UAV images to reconstruct 
the stream riverbed. The pre-trained model was trained by 
MegaDepth (Li and Snavely, 2018) and three additional datasets 
published by Lin et al. (2024), Zhang et al. (2022), Wang et al. (2024).

2.2.3 Visual geometry grounded transformer for 
long sequence of images

VGGT is a feed-forward neural network that performs 3D 
reconstruction from one, a few, or hundreds of input views of a 
scene. VGGT moved one step further from VGGSfM. It does not 
separate the reconstruction into multiple stages. Instead, it uses 
one standard large transformer model (Dosovitskiy, 2024; 
Vaswani et al., 2017), with no particular 3D or other inducive 
biases, but trained on a large number of publicly available 
datasets with 3D annotations. The detailed list of the training 
datasets is available in Wang et al. (2022). The model inputs are 
the images, and the outputs are camera parameters, images’ 
depth map, point cloud, and point tracks. The original VGGT 
model obtained a new state-of-the-art in reconstruction quality 
in early 2025, but the limitation is significant computational and 
memory cost, which restricts the applications to short image 
sequences (Deng et al., 2025). A new framework, based on 
VGGT, was proposed and demonstrated by Deng et al. (2025)
for long image sequences, named as VGGT-Long. It processes 
long sequences by dividing them into smaller chunks, thereby 
handling the input image stream in a sliding window manner. 
For extending VGGT to long-sequence image datasets, it utilizes 
VGGT’s point map to perform lightweight loop closure and 
alignment on the output chunks. VGGT-Long achieved state-of- 
the-art accuracy for the long sequence dataset (Geiger et al., 
2012; Sun et al., 2020; Gaidon et al., 2016) in mid-2025, without 
requiring model retraining. In this study, the VGGT-Long 
framework with the pre-trained VGGT model was directly 
applied on the UAV images to reconstruct the stream riverbed.

2.2.4 Smart phone integrated LiDAR

An integrated LiDAR on Apple iPhone 15 Pro Max was used to 
scan the stream riverbed. LiDAR enables advanced 3D scene 
reconstruction by emitting laser pulses and measuring the time it 
takes for the light to bounce back after hitting an object. This process 
generates depth data that precisely maps the environment. By 
combining LiDAR depth with RGB camera imagery and the 
phone’s motion sensors, the device reconstructs 3D geometry in 
real time using an RGB-D pipeline based on Simultaneous 
Localization and Mapping (SLAM) (Jaulin, 2011; Magnabosco 
and Breckon, 2013). The phone estimates its 6 degrees of 
freedom (6-DoF) pose via visual-inertial odometry that fuses 
camera tracking with the accelerometer and gyroscope (Comport 
et al., 2010), while LiDAR depth frames are filtered and back- 
projected to 3D points, then transformed into the world frame 
coordinates. Successive depth observations are aligned to the 
growing model and fused into a global surface representation, 
commonly using volumetric integration such as a truncated 
signed distance function (TSDF) with weighted updates (Li et al., 
2024; Perera et al., 2015). A triangle mesh is then extracted (e.g., 
Marching Cubes (Lorensen and Cline, 1987)) and optionally 
smoothed/decimated and textured by projecting RGB frames 
onto the mesh. The implementation of the algorithms and the 
associated hardware in the iPhone are accessible in Apple ARKit 
(Apple, 2024). In this study, the scanning and reconstruction were 
implemented in the fully integrated App, 3D Scanner (SRL, 2024). 
This iPhone integrated LiDAR was used for evaluating the accuracy 
of a cost-effective alternative in the application of stream riverbed 
reconstruction.

2.3 Error propagation in 
hydrobiogeochemical processes modeling

River hydrobiogeochemical processes at the reach scale are 
strongly linked to river topography (Shogren et al., 2019; Li 
et al., 2015). Consequently, the accuracy of reconstructed 
streambed topography directly affects the reliability of studies on 
hydrodynamic analyses. Thus, estimation of biogeochemical 
processes are only as reliable as the underlying estimates of water 
depth and velocity (Harvey et al., 2024; Appling et al., 2018), which 
in turn depend on the accuracy of the reconstructed streambed.

In this study, Manning’s equation was utilized to estimate the 
water depth and velocity of open-channels by converting each 
reconstructed cross-section into its nearest trapezoidal shape and 
determining the channel slope between successive cross-sections 
(Manning, 1891; Gioia and Bombardelli, 2001). The flow rate in an 
open-channel can be calculated using the following method: 

Q �
1
n
AR2/3S1/2

0 (1)

where Q is flow rate (m3/s), n is Manning roughness, which is 
~0.03 for natural channel with stones and weeds. A � bH + zH2 is 
wetted cross section area, where b is the bottom width, H is water 
depth, and z is side slope. R � A/(b + 2H

�����
1 + z2
√

) is hydraulic 
radius. S0 is streambed slope. With given flow rate and the fitted 
trapezoid cross section, the water depth can be solved by the 
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bisection iteration method from Equation 1, and subsequently water 
velocity can be calculated.

After having the estimated water depth and velocity, the streambed 
nitrate uptake velocity (uf) can be estimated by Grant et al. (2018): 

uf � 0.17uτ
]
Dm

􏼠 􏼡

−2/3

c1 NO
−
3􏼂 􏼃
c2 (2)

where ] � 1 × 10−6 m2/s is water viscosity, Dm � 1.7 × 10−9 m2/s is 
nitrate molecular diffusion in water (Picioreanu et al., 1997), 
c1 � 0.0032, and c2 � −0.49 (Grant et al., 2018). [NO−

3 ] is nitrate 
concentration. In the Yakima River Basin, our field survey in 
2021 shows that the nitrate concentration varies between 
0.0005 and 0.1, with mean of 0.008 mol/m3 (Grieger, 2014). In 
this study, 0.008 mol/m3 is used for estimating uf. uτ is shear 
velocity, and can be estimated by Ferguson (2007), Ferguson (2022): 

uτ �
U

���������������

c2
3 + c

2
4 H􏼎D84( 􏼁

5/3
􏽱

c3c4H􏼎D84
(3)

where U is flow velocity, D84 is 84th percentile of grain size 
distribution, which is ~0.13 m. The constants c3 � 6.5 and 
c4 � 2.5 (Ferguson, 2022).

The reaeration can be estimated by Owens’ velocity-depth formula 
k0 � 5.32U0.67H−1.85 (Owens et al., 1964), which is usually applied for 
the stream 0.1 m < H < 3 m and 0.03 m/s < U < 1.5 m/s. The water 
depth and velocity in the investigated stream are partially in this range 
by the estimation approaches introduced above.

Relative error distributions for the reconstructed streambed 
from different approaches were computed by comparison with 
estimates derived from the ground-truth cross sections measured 
with the tripod optical level kit. Results for the flow rates between 
0.01 and 3 m3/s were used to estimate the errors at different flow 
conditions for the small non-perennial stream.

3 Results

3.1 Reconstruction geometric errors

The reconstructed DEMs obtained using the four approaches 
are displayed in Figures 2a–d. Upstream lies to the north (Y = 0). 
Ground elevation is referenced to sea level (North American 
Vertical Datum of 1988), based on measurements obtained from 
the pressure sensor mounted on the UAV. GCPs measured in the 
field with GPS and the ones identified on each reconstructed surface 
are shown in Figure 2. The terms “left” and “right” bank are defined 
as facing downstream. GCPs are numbered sequentially from south 
to north, ranging from 1 to 18.

As visible in Figure 2, the GCPs from SfM reconstructed 
riverbed are very close to the GPS measurements, whereas 
VGGSfM, VGGT-Long, and iPhone LiDAR exhibit larger 
misalignments, implying substantial river distortions in those 
reconstructions. To quantify the accuracy of these methods, the 
distance between the ground truth GCP locations and the ones from 

FIGURE 2 
The reconstructed river DEMs by the four approaches. (a) SfM; (b) VGGSfM; (c) VGGT-Long; (d) Apple iPhone LiDAR. GCPs measured in the field with 
GPS are depicted as blue symbols: plus signs for the left bank, noted as GCP-L (GPS), and upright triangles for the right bank, noted as GCP-R (GPS). 
Corresponding GCP positions identified on each reconstructed surface are shown in red: dots for the left bank, noted as GCP-L, and crosses for the right 
bank, noted as GCP-R. The terms “left” and “right” bank are defined as facing downstream.
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the reconstructed surfaces were calculated for each GCP as shown in 
Figure 3. The mean error distance for the SfM reconstructed 
riverbed is around 1.59 m for all the 36 GCPs (left and right 
banks at 18 transects), with standard deviation of the mean error 
distance 0.9 m. Note that consumer-grade GPS typically achieves 
1–5 m accuracy in open-sky conditions (NOAA, 2025), so a mean 
error of 1.59 m is within the expected GPS uncertainty. The other 
three approaches produced substantially larger errors, with mean 
error distances of 8.71 m (VGGSfM), 5.87 m (VGGT-Long), and 
7.26 m (iPhone LiDAR), with the standard deviation of error 
distance 5.1, 2.8, and 4.0 m respectively.

Comparisons between reconstructed cross sections and field- 
measured elevations for the 18 transects are shown in Figures 4a–d. 
The results indicate that the standard SfM approach provided highly 
accurate reconstructions, aligning very well with the field-measured 
data across all 18 transects. Although VGGSfM and iPhone LiDAR 
partially captured the general topographic features of the 
18 transects, they deviated marginally from the overall slope of 
the stream. VGGT-Long, on the other hand, failed to capture the 

correct topography of the riverbed, as its reconstructed riverbed 
exhibited no concave shape characteristic of the actual river.

For the standard SfM, the RMSE (Figure 5a) across all 
18 transects was less than 0.1 m, and the average RMSE was 
0.04 m for these transects, with standard deviation of RMSE 
0.02 m. The mean error (Figure 5b) for the standard SfM 
method across all transects ranged up to 0.05 m, with an average 
of 0.02 m and standard deviation of 0.03 m. In the case of VGGSfM, 
the RMSE for the 18 transects mostly lay between 0.1 m and 0.4 m, 
with an average RMSE of 0.18 m and standard deviation of 0.09 m. 
The mean error for VGGSfM ranged up to 0.2 m, with an average 
mean error of −0.08 m and standard deviation of 0.12 m. For 
VGGT-Long, the RMSE values for the transects predominantly 
ranged from 0.1 m to 0.7 m, with an average RMSE of 0.31 m 
and standard deviation of 0.2 m. The mean error for VGGT-Long 
spanned from −0.1 m to 0.7 m, with an average mean error of 0.24 m 
and standard deviation of 0.24 m. Lastly, the iPhone LiDAR 
produced RMSE values for the transects mainly between 0.1 m 
and 0.5 m, with an average RMSE of 0.2 m and standard deviation of 

FIGURE 3 
Error distances between the GCP locations from the reconstructed riverbed and the ground truth locations derived from GPS information. Transect 
numbers increase from downstream to upstream. GCP-L represents the GCP on the left stream bank, and GCP-R represents the GCP on the right bank. 
The terms “left” and “right” bank are defined as facing downstream.

FIGURE 4 
Comparison between the reconstructed riverbed and the on-site optical level kit measurements at the 18 transects for the four reconstruction 
approaches. (a) SfM; (b) VGGSfM; (c) VGGT-Long; (d) Apple iPhone LiDAR. The dots represent the field-measured elevations obtained using a tripod 
optical level kit (BOSCH GOL 32CK 32X). The solid lines represent the corresponding transects extracted from the reconstructed riverbeds.
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0.13 m. Its mean error ranged between −0.1 m and 0.4 m, with an 
average mean error of −0.06 m and standard deviation of 0.11 m.

3.2 Estimation of error propagation in 
hydrobiogeochemical modeling

Results for flow rates between 0.01 and 3 m3/s are shown in 
Figure 6. For the SfM-reconstructed streambed, relative errors in 
estimated water depth and velocity were within ±10%, with 
interquartile ranges (IQRs) below ±5%. In contrast, geometric 
errors in the VGGSfM reconstruction produced water-depth 
errors up to ±30% and velocity errors from −50% to +10%. 
These errors were slightly larger at low flow rates (0.01–0.5 m3/s) 
and decreased as discharge increased. For VGGT-Long, geometric 
error resulted in water-depth errors from −10% to +40% and 
velocity errors within ±20%. For iPhone LiDAR, water-depth 
errors ranged from −15% to +25%, and velocity errors 
were within ±20%.

These errors in water depth and velocity propagated to the 
estimated nitrate uptake velocity and reaeration rate constant by the 
approaches introduced in Section 2.2.5. For SfM, relative errors in 
both nitrate uptake velocity and reaeration rate constant were 
within ±20%, with IQRs below ±10%; errors decreased slightly 
with increasing flow rate. For VGGSfM, nitrate uptake velocity 
errors ranged from −40% to +5%, while reaeration rate constant 
errors were within ±50%. For VGGT-Long, nitrate uptake velocity 
errors ranged from −30% to +10% (with IQRs generally 
below ±10%), and reaeration rate constant errors ranged 
from −40% to +10%. For iPhone LiDAR, nitrate uptake velocity 
errors ranged from −35% to +10%, and reaeration rate constant 
errors ranged from −40% to +10%.

Young and Huryn (1999) reported that metabolism metrics, 
gross primary production (GPP), production-to-respiration ratio 
(P/R), and net ecosystem metabolism (NEM), are strongly related to 
water depth and velocity in perennial streams. Therefore, relative 
errors in modeled metabolism for these parameters may be 
comparable to the error distributions observed for water depth 
and velocity (Figures 6a,b). However, quantitative metabolism 
modeling for non-perennial streams remains limited, and robust 
characterization of error propagation in such systems requires 
further study.

4 Discussion

4.1 Practical feasibility of low-cost 
streambed reconstruction

This study evaluated cost-effective methods for reconstructing 
the stream bed topography of a non-perennial stream. Although our 
analysis is based on a single reach in Umtanum Creek, its 
hydroclimatic setting (semi-arid, Mediterranean-type 
precipitation), small channel dimensions, shallow water depths, 
and intermittent flow regime are characteristic of many non- 
perennial streams in the interior western United States and other 
dryland regions (Gellenbeck, 1999; Mundorff et al., 1977). 
Therefore, our findings on reconstruction accuracy and error 
propagation are likely transferable to similar systems, while 
recognizing that performance may vary with channel complexity, 
substrate, vegetation cover, and lighting conditions.

From an implementation perspective, conventional field 
surveying required substantially more time and personnel than 
the low-cost sensing approaches. Acquiring optical level 
measurements for 18 transects and GPS positions for GCPs took 
~6 h with four staff (we recommend ≥3 people to maintain efficiency 
and reduce recording errors). In comparison, UAV image 
acquisition required ~1.5 h with two operators (primarily for 
institutional safety compliance; a single operator would likely 
achieve similar efficiency), and iPhone LiDAR scanning required 
~20 min. Processing time varied by method: SfM required ~16 h on 
a CPU workstation (Intel Xeon W7-2495X), whereas inference using 
pre-trained learning-based models required ~30 min on a high-end 
GPU (NVIDIA H100), though CPU-only runs can take several 
hours. iPhone LiDAR reconstruction took ~10 min directly on the 
device. Overall, these comparisons indicate that low-cost 
reconstruction approaches can substantially reduce field labor 
and associated costs relative to conventional surveying, even if 
they shift part of the effort to computation during post-processing.

4.2 Comparative accuracy of 
reconstruction methods

UAV–SfM has been widely applied to reconstruct terrain and 
riverbed topography, with multiple studies reporting centimeter- 

FIGURE 5 
Error indices: (a) the RMSE and (b) the mean error of each transect for the four reconstruction approaches. The averaged errors of the 18 transects are 
listed in the legends respectively.
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level accuracy (Eltner et al., 2016; Fonstad et al., 2013; Carbonneau 
and Dietrich, 2017; Dietrich, 2017; Elias et al., 2024; Yavuz and 
Tufekcioglu, 2023; Dai et al., 2023; Rosas et al., 2023; Clapuyt et al., 
2017). However, many high-accuracy workflows rely on RTK/PPK- 
equipped UAVs and/or GCPs to constrain camera poses and 
georeferencing (Eltner et al., 2016; Elias et al., 2024). These 
requirements can be difficult to meet in small, tree-lined non- 
perennial streams. Operationally, RTK-equipped UAV surveys 
often require flying above the tallest site features to satisfy safety 
and flight constraints (DJI Matrice 300 RTK user manual, 2025). In 
narrow riparian corridors, canopy cover and trunks can obstruct 
imagery and restrict flight paths, making low-altitude, under-canopy 
flights with lightweight, maneuverable RGB camera UAVs more 
feasible than standard RTK-based survey configurations. Low- 
altitude flights are also advantageous because reconstruction 
error generally increases with sensor-to-surface distance 

(i.e., flight height) (Eltner et al., 2016). Together, these 
constraints motivate evaluating whether SfM can still provide 
accurate streambed topography in settings where RTK/PPK 
motion data and GCP calibration are unavailable for 
reconstruction of small non-perennial stream.

For the investigated stream in this study, the SfM reconstruction 
achieved centimeter-level cross-sectional accuracy (RMSE = 4 cm; 
mean error = 2 cm) and ~0.5% relative planimetric error without 
relying on RTK/PPK positioning or calibrations with GCPs. This 
performance likely benefited from the low flight height (~2 m), 
consistent with prior findings that reconstruction error increases 
with sensor-to-surface distance (Eltner et al., 2016). While UAVs 
typically do not fly at such low altitudes for geoscience surveys in 
prior studies (Eltner et al., 2016; Frankl et al., 2015) reported SfM 
errors of 1.7–19 cm using a handheld camera at ~2 m standoff 
distance. Together, these results indicate that lightweight, 

FIGURE 6 
Error distributions in hydrobiogeochemical process estimations for different reconstruction approaches. (a) water depth; (b) water velocity; (c) 
nitrate uptake velocity; (d) reaeration rate constant.
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recreation-grade UAVs can provide reliable reconstructions of small 
non-perennial streambeds when low-altitude flights beneath the 
canopy are feasible.

In contrast, the machine-learning methods (VGGSfM and 
VGGT-Long) exhibited substantial planimetric errors, with mean 
horizontal GCP offsets of 8.71 m and 5.87 m, respectively, and 
transect RMSEs averaging 0.18 m (VGGSfM) and 0.31 m (VGGT- 
Long). For shallow streams with depths typically less than 1 m, 
which is a common condition for non-perennial streams (Stegen 
et al., 2024), vertical errors of this magnitude, combined with meter- 
scale planform misplacement, are too large to yield dependable 
topographic information. Benchmark results for VGGT-Long 
reported in its original application (Deng et al., 2025) similarly 
indicate meter-level errors in large-scale outdoor scenes, 
underscoring its limitations in capturing complex, fine-scale 
streambed morphology. Moreover, the performance of learning- 
based models depends strongly on the training data (Wang et al., 
2023; Wang et al., 2022). The public datasets used to pre-train 
VGGSfM and VGGT-Long are dominated by human-made objects 
and urban street scenes, with natural, undeveloped environments 
underrepresented (Li and Snavely, 2018; Lin et al., 2024; Zhang et al., 
2022; Wang et al., 2024). This domain mismatch likely contributed 
to the models’ underperformance in this study and may be 
remediated by inclusion of more natural stream channel-like data 
in the pre-training.

Reconstruction from iPhone LiDAR was also insufficiently 
accurate for purposes of modeling streambed functions, with a 
mean horizontal GCP error of 7.26 m and an average transect 
RMSE of 0.20 m. This limitation arises from the inherent reliance of 
iPhone LiDAR on positional information derived from internal 
phone sensors, including the gyroscope, accelerometer, and pressure 
sensor (Krauskova et al., 2025). As the iPhone is moved along the 
streambed during the scanning process, drift accumulates, 
producing progressively larger georeferencing and elevation 
errors over distance. This behavior is consistent with Krauskova 
et al. (2025), who mapped a ~160 m stream reach and observed 
rapidly increasing positional and elevation errors beyond ~60 m, 
reaching ~2 m positional error and ~0.2 m elevation deviation by 
160 m. Prior works similarly suggest iPhone LiDAR is most suitable 
for short scans (e.g., ~20 m, or up to ~60 m with ~20 cm error) 
(Krauskova et al., 2025; Liang et al., 2018a; Liang et al., 2018b). 
Accuracy can further degrade under dense vegetation (Krauskova 
et al., 2025; Moudrý et al., 2019), which likely contributed in this 
investigated streambed because portions of the bed were obscured 
by 20–50 cm tall dry grass.

4.3 Propagation of errors to hydraulic and 
biogeochemical estimates

Linking geometric reconstruction error to hydrobiogeochemical 
inference, we further showed that topographic inaccuracies 
propagate directly into estimated water depth, velocity, nitrate 
uptake velocity, and reaeration rate constant. This is expected 
because environmental responses to topographic inputs are often 
nonlinear: small elevation errors can alter wetted area, hydraulic 
radius, and local slope, producing comparatively large changes in 
modeled flow fields (Dietrich, 2016; Hardy et al., 1999; Cook and 
Merwade, 2009).

As detailed in Section 3.2, the SfM-based reconstruction 
produced the lowest velocity error (±10%). iPhone LiDAR and 
VGGT-Long reconstructions produced similar velocity errors 
(both ~±20%), whereas VGGSfM reconstruction produced the 
largest velocity errors (−50% to +10%). These differences are 
consistent with method-specific planimetric errors, which affect 
the inferred distance between adjacent transects and therefore 
slope estimation. For SfM, VGGT-Long, LiDAR, and VGGSfM, 
relative planimetric errors were 0.8%, 2.9%, 3.6%, and 4.4%, 
respectively. Because slope is often a dominant driver of flow in 
simplified hydraulic formulations, planimetric misalignment can 
strongly influence velocity estimates (Teng et al., 2017; Cohen 
et al., 2019).

For water depth, SfM reconstruction again produced the lowest 
error (±10%). iPhone LiDAR reconstruction produced depth errors 
of −15% to +25%. VGGSfM and VGGT-Long reconstructions 
produced larger and broader depth errors (VGGSfM: −50% to 
+10%; VGGT-Long: −10% to +40%). These patterns align with 
prior work indicating that cross-sectional shape exerts strong 
control on depth estimation (Horritt and Bates, 2002; 
Pappenberger et al., 2005). Although depth and velocity are 
coupled for flow estimation (Manning, 1891; Gioia and 
Bombardelli, 2001), the results suggest that VGGT-Long’s 
relatively better slope estimation (compared with VGGSfM) 
improved velocity predictions, but its poorer cross-sectional 
fidelity degraded depth estimates, bringing errors on depth 
estimation closer to those of VGGSfM reconstruction.

Nitrate uptake velocity is a function of flow velocity and depth, 
as introduced in Section 2.3. The relative error distributions for the 
nitrate uptake velocity, as shown in Figure 6c, are very similar to the 
relative error distributions for the velocity (Figure 6b). This is 
consistent with Equations 2, 3, where nitrate uptake velocity is 
proportional to the flow velocity but depends only weakly on water 
depth. This is also mentioned in Chen et al. (2024a), who noted that 
the relative error of nitrate uptake velocity is on the same order of 
magnitude as error of flow velocity.

Similarly, the reaeration rate constant is also a function of flow 
velocity and depth, but with stronger sensitivity to water depth 
(Owens et al., 1964). Therefore, the relative errors in depth 
estimation were amplified in reaeration rate constant estimates 
(Figure 6d). This explains why VGGSfM reconstruction, which is 
slightly worse than VGGT-Long reconstruction for depth, showed 
disproportionately larger reaeration rate constant errors. For this 
non-perennial stream, because reaeration formulations are usually 
inversely proportional to water depth (Al-Saadi and Al-Zubaidi, 
2025), shallow streams’ reaeration rate constant is especially 
sensitive to depth bias (Al-Saadi and Al-Zubaidi, 2025; Thys 
et al., 1987; Arora and Keshari, 2021).

4.4 Implications for future research

Future work should extend the error-propagation analysis 
beyond the simplified hydraulic formulations used here by 
coupling reconstructed topography to 2D or 3D numerical flow 
simulations (e.g., depth-averaged (Perkins and Richmond, 2004; 
Coon et al., 2020) or fully 3D multi-phase models (Bao et al., 2024; 
Chen et al., 2024b)). Such models would allow a more rigorous 
assessment of how spatially structured elevation and planimetric 
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errors influence flow fields, wetted extent, shear stress, and 
transport. This would help identify which components of 
reconstruction error most strongly control uncertainty in 
hydrobiogeochemical metrics under different discharge and 
channel-complexity conditions.

Finally, even the higher-error reconstructions evaluated here 
may still represent an improvement over relying solely on coarse 
resolution (1–10 m) DEM products, which often fail to resolve small 
non-perennial channels and low-flow pathways, limiting the 
feasibility of estimating reach-scale metabolism in these systems 
(Cavallo et al., 2022; Cavallo et al., 2025; USGS, 2024). As a result, 
low-cost reconstructions, particularly SfM when low-altitude 
imaging is feasible, may substantially expand the feasibility of 
reach-scale metabolism and transport analyses in non-perennial 
stream networks.

5 Conclusion

Without relying on RTK/PPK positioning or calibrations with 
GCPs, the standard SfM workflow using UAV imagery provided the 
most accurate and practically useful reconstruction of dry stream 
riverbeds among the methods tested, with propagated errors in 
hydrobiogeochemical estimates that are likely acceptable for many 
applications in non-perennial streams. In contrast, the learning-based 
reconstructions (VGGSfM and VGGT-Long), while substantially faster 
computationally, did not achieve sufficient geometric accuracy for 
small, shallow channels and produced large errors in derived hydraulic 
and biogeochemical metrics. These approaches are therefore not 
currently recommended for this setting unless accuracy can be 
improved through retraining or fine-tuning on imagery 
representative of natural stream corridors. iPhone LiDAR 
reconstructions were also inadequate for long stream reaches due to 
positional drift accumulated during scanning. While not preferred over 
SfM, if there are strong constrains such as limited computational 
power or UAV limitations, VGGT-Long may be useful for some 
hydrobiogeochemical parameter estimations and iPhone LiDAR may 
be useful for short segments for which UAV surveys are not possible.
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