Appendix A: Vegetation Classification and DEM Co-registration
1. Introduction

Advancements in remote sensing and photogrammetry have significantly improved our ability to
quantify large-scale geomorphic changes. Techniques such as Light Detection and Ranging
(LiDAR) and Structure from Motion (SfM) offer unprecedented spatial resolution and data
coverage, enabling the detection of subtle geomorphic alterations over broad areas (Ellet et al.,
2019; East et al., 2021). However, SfM and LiDAR products usually have some degree of
misalignment that introduces error when attempting to perform geomorphic change detection
analyses on these elevation datasets (Chirico et al., 2020; Hugonnet et al., 2021; Niculita et al.,
2020). Although iterative closest point (ICP) algorithms effectively co-register point clouds prior
to DEM creation, these methods demand good initial alignment, are sensitive to outliers, and
become computationally intensive with large or high-resolution datasets (Cucchiaro et al., 2020).
Alternatively, a DEM co-registration algorithm described by Nuth and Kaab (2011) has
demonstrated success in aligning LiDAR datasets in glacial mass balance studies but remains
underexplored for co-registering SfM DSMs and LiDAR DEMs in a geomorphic context.

This paper proposes a novel workflow designed to address this gap by masking vegetation from
StM-derived DSMs before co-registration with airborne LiDAR-derived DEMs. The proposed
methodology is demonstrated through aligning pre-fire LIDAR DEMs with post-fire StM DSMs,
facilitating subsequent analyses of geomorphic change to better understand the drivers of
hillslope erosion following wildfire.

Methods
2.1 Site Description

The ETF study area includes three tributary study areas, including two lower elevation areas
(ETF-LM2, ETF-LPM), one middle elevation area (ETF-MM), with elevations ranging from
2,559 to 3,495 m. In the ETF study areas, access constraints due to extreme topography and flash
flooding restricted flights to lower watershed areas, which ranged in size from 0.61 to 1.44 km?.
All study areas drain directly into Willow Creek. A sizeable debris flow occurred in ETF-LPM
before the fire, which deposited a large deposit of unconsolidated sediment in the channel
corridor. Burn severity across the ETF sites was largely moderate to high, resulting in substantial
vegetation loss and ground debris. ETF sites fall within sedimentary mid-elevation and subalpine
forest ecoregions, with dominant vegetation including lodgepole pine, grouse whortleberry,
subalpine fir, Engelmann spruce, russet buffaloberry, and diverse shrub and grass groundcovers
(Chapman et al., 2006; NRCS, 2021). Geologic substrate primarily includes sandstone-based
Frisco, Howlett, and Scout family moist complexes (NRCS, 2021). Annual precipitation is
highly variable, predominantly as winter snowfall and intense localized convective summer
storms.
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Figure 1: Map of the East Troublesome burn scar, soil burn severity map, and study watersheds.

All study areas have a semi-arid climate, with annual precipitation ranging from 400 mm to 500
mm, primarily from winter snow and summer convective thunderstorms (PRISM Climate Group,
n.d.). Burn severity across the study areas was largely low to moderate, resulting in substantial
vegetation loss and ground debris. Vegetation cover, mean slope, and burn severity were
assessed using pre-fire LIDAR DEMs, BAER maps, and RGB orthomosaics (Table 1).

) Study Area |Basin Area| Elevation | Elevation | Slope Mean 10-min Storm dNBR NDVI

Burn Scar | Study Site N N . .
(km?) (km?) Min (m) Max (m) (degrees) |Accumulation Mean (mm)| Mean Mean
LM2 0.61 2.23 2560 3010 17.5 218.8 425.8 0.38
ETF LPM 0.65 4.46 2559 3330 21.4 264.1 418.8 0.39
MM 1.14 9.18 2625 3495 16.7 318.2 555.6 0.37

Table 1: Summary of watershed and fire metrics for each data collection area

2.2 Data Collection

ETF surveys were collected using the WingtraOne Gen II fixed-wing (Wingtra) drone, which can
be pre-programmed to collect surveys autonomously. The Wingtra drone is equipped with a
42MP Sony RX1R II camera and was programmed to fly at 120 m above ground level (relative
to the USGS 1/3 arc-second Digital Elevation Model) with a 70% side and front photo overlap,
corresponding to a ground sampling distance (GSD) of 1.6 cm per pixel.



A Topcon GR-5 GNSS base station unit receiver was used for this study for communications
with the RTK GNSS modules on board the Wingtra. The receiver was set up no more than 1 km
from the take-off location for the drone and collected static data at 1-second intervals for at least
one hour including during the flight. Static positioning data from the base station were corrected
with NOAA’s Online Positioning User Service (OPUS), which references observations to the
National Spatial Reference System (NSRS) with typical accuracies of a few centimeters,
depending on site conditions and occupation duration. The Wingtra is equipped with an onboard
high-precision post processed kinematic (PPK) global navigation satellite system (GNSS)
module, which meant it was not necessary to use ground control points (GCPs) to georeference
images during post-processing (de Haas et al., 2021). All surveys were flown in early July 2023
and OPUS corrected, PPK processed images had vertical and horizontal errors that ranged from
<l to 5 cm.

The images were processed using Agisoft Metashape with a structure-from-motion (SfM)
workflow to generate dense point clouds, digital elevation models (DEMs), and orthomosaics for
each flight. SfM enables the reconstruction of 3D topography from overlapping 2D images with
location data. To provide a common resolution for equal comparison across watersheds, DEMs
were all exported at a resolution of 6 cm, and orthomosaics were exported at a resolution of 2
cm.

LiDAR DEMs were obtained from OpenTopography and had a resolution of 1 meter. The USGS
2020 LiDAR DEM (USGS, 2022a) was flown over the ETF study sites between September and
October 2020, immediately prior to East Troublesome fire.

2.3 Vegetation Classification

The vegetation in the SfM DSMs was then classified and masked to create a DEM using a
XGBoost classifier, which is a variant of a gradient boosting random forest classifier. The input
layers to the XGBoost land cover classifier include a roughness raster created from the DSM and
the red, green and blue bands of the othomosaic image. The inputs also included an Excessive
Green Index (ExGI) band:

ExGI=2.G — (R+ B) (1)

where R, G, and B are the red, green, and blue components of the orthomosaic image,
respectively, and a saturation band:

Saturation = 1 — min([R, G, B]) (2)

where min(R, G, B) are the minimum values of the red, green, and blue components for each
pixel across the image data.



After performing a sensitivity analysis on the spatial resolution of the input raster, it was
determined that the input layers could be downsampled from their 2-centimeter native resolution
to a 5-centimeter resolution without sacrificing performance. The classification model was
trained using the downsampled input layers and shapefiles labeled with three classes of
vegetation (shrubs/grasses, logs/trees, and burned logs/trees), two classes of bare (light and dark
colored bare earth), and one class of water. A separate validation set of shapefiles was
additionally created, and a confusion matrix was used for accuracy assessment. To enhance
model performance, a sieving function was applied to filter out small, isolated patches of bare
earth less than 100 cm? that were likely classification artifacts.

2.4 DEM Co-registration

The DEM co-registration was performed using a Python implementation of the Nuth and K&&b
(2011) algorithm as implemented by Shean et al. (2016). This method corrects three primary bias
types—horizontal misalignment, elevation-dependent offset, and acquisition-geometry effects—
by iteratively translating the SfM DEM to minimize elevation error relative to the LIDAR DEM.
Corrections are driven by slope- and aspect-weighted difference metrics: at each iteration, the
algorithm computes translation vectors that reduce systematic elevation discrepancies, repeating
until shifts fall below a convergence threshold of 1 cm. Prior to coregistration, both DEMs were
resampled to a common 20 cm grid spacing, a resolution selected through a sensitivity analysis
that yielded the lowest co-registration error. This approach ensures that residual biases in the
co-registered DEMs are minimized, thereby improving the reliability of subsequent
elevation-change estimates.

2.5 Geomorphic Change Quantification

The original, co-registered, and vegetation-masked, co-registered DEMs were each differenced
with the LIDAR dataset to create three DEMs of Difference (DoD) for each study area. When
quantifying geomorphic change uncertainty must be accounted for in DoD analyses to determine
whether observed changes are statistically significant (Brasington et al., 2003; Lane et al., 2003).
When dealing with gross erosion and deposition, changes smaller than a defined ‘level of
detection’ (LoD) are typically excluded from further analysis to avoid misinterpreting
measurement noise as genuine change.

Random vertical error was quantified by extracting precision point estimates directly from
Metashape using a Python script, followed by interpolation using kriging to produce an
uncertainty raster (James et al., 2017). To propagate these random errors into the DoD at a 95%
confidence interval, elevation differences between surveys were assumed to follow an
independent Gaussian distribution. Thus, the LoD of each DoD was calculated using the
following equation (Anderson, 2018):

5D0Di:j - j:]‘gﬁ ) \/6EIDAR + 5§fM{J‘ (3)



where:

e I1ipar 1S the Root Mean Square Error in elevation (RMSE,) reported for LIDAR data (10
cm).
e g is the RMSE, of the Structure from Motion (SfM) data at grid cell (i, j).

Each resulting LoD raster was subsequently applied to threshold its corresponding DoD,
generating an unbiased representation of geomorphic change for the study period.

3. Results
3.1 Vegetation Classification

Precision reflects the reliability of positive predictions: it answers the question “of all the areas
the model labels as our target class, how many are actually correct?” In contrast, recall captures
completeness: it answers the question “of all the true occurrences in the landscape, how many
did the model successfully detect?”” A model tuned for high precision will rarely misidentify
non-target areas but may overlook subtle or marginal true patches, whereas one optimized for
high recall will detect most true occurrences at the risk of including more false positives. The F:
score balances precision and recall into a single metric, allowing for the balanced weighting of
false alarms and missed detections. For a study concerned with quantifying geomorphic change,
precision of the bare earth classification is the most important metric, as vegetation falsely
classified as bare earth can introduce large vertical errors.
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Figure 2: Precision, recall and F1 score performance of the random forest land cover classification algorithm

The random forest vegetation classifier achieved 97.5% precision and 98.5% recall for bare earth
classification and 96.7% precision and 97.7% recall for vegetation classification (weighted



average of the three vegetation classes), with the performance of other classes detailed in Figure
3. Logs and water were most commonly mistaken for bare earth (and vice versa), likely due to
the relatively similar RGB spectral signature of dark colored logs, water and bare earth.

We can also assess the random forest classifier qualitatively by inspecting the mask in Figure 3.
The mask shows excellent delineation in the channel and solid—albeit slightly weaker—
performance on the hillslopes.
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Figure 3: Classified ground cover along a reach in the LM?2 watershed.

3.2 DEM Co-Registration

The DoDs produced after vegetation masking and co-registration did not show signs of
systematic bias, such as doming, elevation-dependent trends, slope-dependent trends, or
consistent vertical offsets. The magnitude of the LoD rasters was dominated by the LiDAR error,
with threshold values ranging from 20 — 23 cm.

Figures 4, 5 & 6 illustrate the qualitative improvements achieved through co-registration and
vegetation masking in two ETF study areas. Prior to alignment, the original DoDs showed no
clear patterns of erosion or deposition, both on hillslopes and within channels. Following co-
registration alone, erosion and deposition patterns emerged on hillslopes and within channels,



though residual noise remained evident on hillslopes, and some vegetated areas adjacent to
channels were incorrectly classified as deposition. Finally, after applying vegetation masking
prior to co-registration, the clearest erosion and deposition patterns became apparent. Features
such as rills and gullies on hillslopes could be distinctly resolved and quantitatively analyzed
with a significant reduction in noise, although some patches of “erosion” remained on the
hillslopes where there were no obvious erosional features observed in the orthomosaic.

Elevation Change (m) &

; ! 05
M-

Figure 4: DEM co-registration results for the LM2 watershed. From left to right: (a) original DoD, (b) DoD after
co-registration, and (c) vegetation masked, co-registered DoD.

Figure 7 illustrates the influence of vegetation masking prior to co-registration on a relatively
stable to depositional section of LM2. Comparison of orthomosaic imagery from 2022 and 2023
indicates minimal geomorphic change in the upstream portion of the reach, while the
downstream section is primarily depositional. Erosion volumes derived from the DoDs
progressively decrease from the original DoD to the co-registered DoD, with the vegetation
masked, co-registered DoD exhibiting the lowest overall measured erosion.

Figure 8 shows the cumulative erosion within each study area. Errors in channel erosion
measurement due to poor coregistration propagate when summed over the study area, with the
differences in calculated volume 4-10 times greater between the original and vegetation masked,
coregistered DEMs.
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Figure 5: DEM co-registration results for the LPM watershed. From left to right: (a) original DoD, (b) DoD after
co-registration, and (c) vegetation masked, co-registered DoD.
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Figure 6: DEM co-registration results for the MM watershed. From left to right: (a) original DoD, (b) DoD after
co-registration, and (c) vegetation masked, co-registered DoD.
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Figure 7. Reach-scale evaluation of co-registration alignment in a stable—depositional stream reach in the upper
ETF-LM? study area (erosion expected = 0). (a) September 2022 orthomosaic, (b) July 2023 orthomosaic; (c)
unmasked co-registered DSM difference, (d) vegetation-masked co-registration; (e) volumetric erosion in each
segment from the SfM (July 2023) minus LiDAR (September 2020) DoD, with curves shown for the original,
unmasked, and vegetation-masked alignments.
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Figure 8. Cumulative erosion ETF study areas, with 0 being the most upstream point in the study area. Error due to
vegetation in the SfM DSM and the misalignment of DEMs can cause order of magnitude differences in the
calculated erosion in the channel when summed over an entire watershed.



4. Discussion & Conclusion

Vegetation masking prior to DEM co-registration played a critical role in improving the fidelity
of geomorphic change detection. The high precision of bare earth classification (97.5%) ensured
that vegetated areas were reliably excluded from the StM DSMs, reducing vertical discrepancies
between datasets and mitigating false signals in the DEMs of Difference. This is particularly
important in post-fire environments, where vegetation loss is widespread but uneven, and where
residual vegetation—particularly logs and dense shrub patches—can create substantial vertical
error in SfM surfaces. By minimizing these artifacts, the classifier allowed for more consistent
alignment with the LIDAR DEMs, which are typically vegetation-filtered and represent true
ground elevation.

The co-registration algorithm itself effectively minimized systematic vertical and horizontal
biases, as indicated by the lack of slope- or elevation-dependent residuals in the final DoDs.
However, the greatest performance gains were observed when co-registration was paired with
vegetation masking. This combined approach resolved noise that persisted even after
coregistration alone, particularly on hillslopes and at the channel margins where vegetation-
related errors are most pronounced in SfM data. In several cases, the masking procedure revealed
fine-scale erosional features such as rills and gullies that were obscured by vegetation-induced
elevation noise in the unmasked data.

At the watershed scale, these refinements substantially reduced error in volumetric estimates of
erosion and deposition. The results from Figure 8 demonstrate that differences in estimated
erosion between unmasked and vegetation-masked workflows can vary by an order of
magnitude, with the masked, co-registered workflow consistently producing more conservative
and geologically plausible estimates. These discrepancies highlight the importance of both
accurate land cover classification and robust co-registration techniques in high-resolution
topographic change detection workflows.

In channel corridors, where the majority of sediment transport occurs following wildfire, the
improved alignment and surface accuracy enabled by vegetation masking is especially
consequential. Misclassification of vegetated channel features as bare earth introduces the
potential for significant false erosion signals. The classifier’s ability to distinguish between
vegetation and true channel bed features reduced these errors, enabling more confident
identification of depositional zones and erosion hot spots.

This workflow demonstrates the value of integrating a random forest land cover classification
with DEM co-registration to enhance geomorphic change detection in post-fire landscapes.
While the co-registration algorithm alone is capable of reducing alignment bias, its effectiveness
1s significantly augmented by prior vegetation masking. Together, these methods offer a reliable
approach for detecting geomorphic change in the channel network across large, heterogeneous
watersheds with high-resolution topographic data.
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