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ABSTRACT

The western Peruvian region is prone to erosion and geomorphic change. Extreme precipitation events lead to
rapid change in river channel and floodplain morphology due to bank erosion and debris flows delivering detrital
material to the fluvial system. Monitoring geomorphic events and their associated topographic changes at high
spatial and temporal resolutions remains a challenge. Here, we used an Uncrewed Aerial Vehicle - Post-
Processing Kinematic - Structure from Motion (UAV-PPK-SfM) approach that includes co-registration of point
clouds by using relative Ground Control Points (GCPs). This workflow adjusts each elevation model to a reference
model using invariant features that did not change their position or form over time. We applied this technique to
monitor landscape change (2019-2021) in an area of 0.3 km? located in the Cafiete River basin. Our results
showed that a minimum observable elevation change of 0.56 m (95 % confidence interval) can be achieved using
this workflow, beyond which an actual elevation change can be separated from systematic error. Using object-
based classification techniques on the aerial images, we separated geomorphic dynamics from land cover
changes. This allowed us to isolate the effect of geomorphic processes, and quantify rates related to gully erosion,
river scouring, bank erosion, and sediment deposition. Within the study area, a hotspot of geomorphic change
corresponded to an ephemeral tributary channel. The gully channel incising an alluvial fan is highly dynamic,
showing bank erosion of 0.75 to 3.2 m and net export of 37 m® of sediment in the 25-month study period. Given
that the monitoring period did not include high intensity rainfall events, the study illustrates how geomorphic
activity in ungauged Andean river basins, such as the Canete valley, may be considerably underestimated in
literature.

1. Introduction

Tropical Andes, previous studies reported specific sediment yield be-
tween 5 and 2300 t km ™2 yr_1 (Restrepo et al., 2009; Latrubesse and

Mountainous environments in the dry Andean region are intrinsi-
cally prone to erosion processes, i.e. gullies or landslides, due to their
accentuated topography and infrequent, but large, rainfall events
(Molina et al., 2008; Clark et al., 2016; Morera et al., 2017). The rugged
western Peruvian Andes (4°S-18°S) is located between the Pacific
coastal plain and the central Andes and is characterised by elevations of
up to 5000 m and up-to 3000 m deep, and incised, braided, river valleys
(Schildgen et al., 2007). The alluvial plains are formed by the accumu-
lation of sediments sourced from the Andean region and delivered to the
stream network by ephemeral channels and gullies that are activated
during seasonal extreme rainfall events (Morera et al., 2017). For the

Restrepo, 2014; Vanacker et al., 2022; Rosas et al., 2023).

The dry Andes is characterised by a high variability in precipitation
rates associated with the El Nino Southern Oscillation (ENSO) (Mettier
et al., 2009; Tote et al., 2011). The mean annual precipitation ranges
between 16 and 90 mm yr‘1 (Rau et al., 2017), but can increase by 4 to
60 times during ENSO events (Morera et al., 2017). Extreme precipita-
tion events trigger rapid soil erosion, mass movement and bank erosion
(Molina et al., 2008; Tote et al., 2011; Clark et al., 2016), that deliver
material to the river system and lead to rare, but catastrophic, flooding
and rapid changes in river channel and floodplain morphology
(INGEMMET, 2013; Restrepo et al., 2020). Sediment yields during
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moderate ENSO events are estimated to be 5 to 11 times the rates during
normal rainy seasons (Tote et al., 2011), and increases up-to 60-times
are reported during extreme events resulting in sediment fluxes up to
1000 and 3000 t km 2 yr’1 (Morera et al., 2017).

Global change and anthropogenic disturbances further increase the
pressure on this fragile environment (Rau et al., 2018; Vanacker et al.,
2022). In Peru, around 16,400 km? of land was converted for agricul-
tural use during the 1994-2012 period (Morris, 2017). Land use changes
including the development of irrigation systems and expansion of
cropland are potentially linked to geomorphic and landscape changes
(Vanacker et al., 2003, 2005; Lacroix et al., 2020) and can further
intensify land degradation when the agricultural practices are not sus-
tainable (Barrowclough et al., 2016; FAO and CAF, 2016).

Given the dynamic geomorphology of the western Peruvian river
valleys and their exposure to accelerated environmental change, there is
an urgent need to (i) identify hotspots of geomorphic change and (ii)
quantify erosion, sediment production and delivery to the channel
network (Aber et al., 2019). In the last decade, geomorphic studies in
this region mostly focused on large-scale erosion patterns as result of
water erosion processes or mass movements (Mettier et al., 2009; Hofle
et al., 2013; Zerathe et al., 2016; Luque et al., 2020; Rosas et al., 2023).
The study of specific erosion processes or geomorphic events (e.g., flash
floods or debris flows) that require observational data at high spatio-
temporal resolution (i.e., decimetric to centimetric resolution) remains a
challenge due to limited accessibility. Because of a scarcity of data on
individual geomorphic events, it is not yet possible to answer how fast,
when, and how sediment is produced and delivered to the channel
network.

The availability of high resolution satellite and aerial data-sources,
and technological advances in image processing have facilitated land-
scape monitoring over the last 20 years (Tarolli, 2014; Passalacqua
et al., 2015). The use of photogrammetric Structure from Motion (SfM)
and multi-view stereo (MVS) algorithms, based on images acquired from
an Uncrewed Aerial Vehicle (UAV), is now considered an established
method for repeated, high-resolution topographic surveys in remote and
rugged terrain (Eltner et al., 2016; James et al., 2019). Using a UAV-SfM
framework, time series of high-resolution digital surface models (DSM)
can be produced for four dimensional (4D) analysis of geomorphic
processes (Clapuyt et al., 2017; Huang et al., 2017; Eker et al., 2018;
Hendrickx et al., 2020; Candido et al., 2020).

Recent advances include direct georeferencing of UAV images with
coordinates measured by differential Global Navigation Satellite System
(GNSS) measurements in real-time kinematic (RTK) or post-processing
kinematic (PPK) mode. The workflow with a combined use of UAV,
PPK-GNSS, and SfM-MVS photogrammetry, hereafter referred to as
UAV-PPK-SfM, can provide consistent and repeatable data with a cen-
timetre level uncertainty, using a single or few Ground Control Points
(GCPs; Forlani et al., 2018; Zhang et al., 2019; Kalacska et al., 2020).
This technique provides robust solutions when low uncertainty and high
temporal resolution are required, also in areas where a regular spacing
and distribution of GCPs is precluded due to the limited accessibility.
However, published uncertainty assessments of the UAV-PPK-SfM
workflow are restricted to hectometre-sized areas characterised by low
topographic relief (e.g., Zhang et al., 2019; Cucchiaro et al., 2020; Pingel
et al., 2021). Only recently, efforts have been made to test the meth-
odology in more complex topography (Notti et al., 2021; Zabota and
Kobal, 2021).

This study attempts to provide quantitative data on geomorphic
process rates for western Peruvian river valleys and goes beyond the
current state of the art by evaluating the UAV-PPK-SfM workflow for
rugged and complex topography. A dynamic landscape was selected for
this study and was monitored for 4D changes over the period 2019 to
2021. This period was characterised by normal precipitation rates and
absence of El Nino events. Therefore, the potential of UAV-PPK-SfM
techniques for monitoring average geomorphic activity in this and,
potentially, other similar (semi-)arid mountainous areas was fully
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explored.
2. Study area

The study area (0.3 kmz) is located in the Canete River catchment of
the western Peruvian Andes, 180 km south of Lima city (Fig. 1), and just
1 km east of the small town of Zuniga. The braided Canete River crosses
the area in a northeast-southwest direction and creates a floodplain of
~28 m wide. The riverbed material is heterogeneous and contains sand
and gravels ranging in size from 0.01 to ~2.5 m of diameter. One fluvial
terrace with an elevation of ~5 m above the floodplain is present at the
south of the valley (Viveen et al., 2022). The valley rims are situated at
~950 m above sea level (a.s.l.), and the floodplain at ~825 m a.s.l., with
a maximum elevation difference of ~125 m. The slope gradient of the
valley floor ranges from 0° to 5.5°. The study area is centered on the
confluence of an ephemeral stream with the Canete River. At this
confluence, situated in the south part of the study area, a large, coarse-
grained alluvial fan is present with an area of 0.02 km? and slope
gradient increasing from 5.5° at the confluence to over 30° in the upper
part of the fan. The regional lithology corresponds to acid plutonic rocks,
mainly granodiorites from the Cretaceous, and gravel-grade, unconsol-
idated, late Quaternary alluvial deposits (Luque et al., 2020). The study
area exhibits rapid erosion rates, with specific sediment yields of 318 t
km 2 yr’1 for the Canete River (Rosas et al., 2020). The region is prone
to mass movements including landslides, rock falls and debris flows.
Two important events took place in the years 1996 and 2012 and
severely affected local infrastructure. Likewise, riverbank erosion and
debris flows are frequently reported in local newspapers and grey
literature INGEMMET, 2013; INGEMMET, 2022).

The flat areas corresponding to the inactive floodplain, fluvial
terrace and top of the most distal parts of the alluvial fan are used for
agriculture. Vineyards are present, as well as a variety of fruit trees such
as mangos, citrus trees and avocados. In the region, there is a strong
increase in informal settlements, as well as road infrastructure over the
last 6 yr. The active floodplain is covered by grasses and shrubs. The
medial and proximal part of the alluvial fan are bare, as well as the steep
valley sides. The study area experiences arid weather conditions with a
mean annual precipitation of 16 mm yr ' (average over period
1965-2017), increasing up to 95 mm yr ' or more during El Nino
events. Year-round temperature oscillates between 15 °C and 25 °C
(Aybar et al., 2020).

3. Materials and methods
3.1. Data acquisition

3.1.1. Uncrewed Aerial Vehicle survey

The study area was surveyed during three field campaigns: (1) in
February 2019 at the end of the rainy season, (2) in July 2019 during the
dry season, and (3) in March 2021 after the rainy season. The UAV used
was a DJI Phantom 3 Professional equipped with a GoPro Hero 3 camera
(12 megapixels, 4000 x 3000 pixels) having a focal length of 2.92 mm
(f/2.8 aperture). We used the highest camera resolution (12 megapixels)
in order to minimize distortions caused by the fish-eye lens. The
approximate sensor size was 5.8 mm x 4.3 mm. We planned 12 flights
that overlapped each other in order to cover the entire study area. The
flight plan followed a fishnet pattern with two different camera orien-
tations: nadir- and oblique-oriented (~30° relative to nadir), resulting in
several flights for the same area to reduce systematic errors (e. g. dome
effect) in the derived 3D point clouds (James and Robson, 2014; Nesbit
and Hugenholtz, 2019). We set the average flight speed at 4 m s ! and a
constant flight height of 40 m above ground. The typical flight duration
was 15 min and covered a flight distance of 1.3 km on average. The
camera trigger interval was set at 4 s, in order to obtain an overlap of 80
% between consecutive images, and a centimetre-level ground sampling
distance. The flights were designed to detect hotspots of geomorphic
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Fig. 1. Location of the study area (a) in the Peruvian western Andes. (b) Digital elevation model (WorldDEM™ model by Airbus Defence and Space) and (c)
orthomosaic of the study area, with indication of location of Ground Control Points (GCPs), relative GCPs and checkpoints. The white, dashed line delimits the

surveyed area.

change and to quantify topographic changes as a result of various
geomorphic processes including concentrated flow, mass movements
and bank erosion, that are expected to be observable at centimetric-level
scale. The flight missions were planned with the Autopilot application,
for i0S. Respectively 2169, 2236 and 2303 images were taken for the
first, second and third surveys.

3.1.2. Geotagging of images

The UAV platform was equipped with a Reach RTK, which is a single-
band GNSS RTK receiver, also used by Zhang et al. (2019) with both RTK
and PPK capabilities. The receiver antenna was placed right above the
camera lens centre to avoid the horizontal offsets, and the vertical offset
was 22.5 cm which corresponded to the camera-antenna height. The
offset was corrected during the post-processing procedure (Zhang et al.,
2019). We used a portable base station, i.e. the RTK GNSS receiver Emlid
Reach RS+. This single-band receiver possesses 72 channels and tracks
GPS/QZSS, GLONASS, BeiDou, Galileo and SBAS signals. The achievable
horizontal and vertical error of the receiver is 7 mm and 14 mm
respectively in PPK mode. The base station was set up on a tripod at a
fixed reference point with geographic position (Longitude: —76.0219,
Latitude: —12.8609, Altitude: 841.408 m). This reference point has been
established by Gonzdles-Moradas and Viveen (2020).

The distance between the base station and the UAV flights was ~1.5
km. The camera positions were estimated using the PPK mode during
post-processing. The open-source RTKLib software (Takasu and Yasuda,
2009) was used to compute the horizontal coordinates and altitude of
each receiver antenna position. High-precision GNSS positioning, and

navigation requires proper handling of the carrier phase ambiguity
resolution. This is a measure of the geometric range between the satellite
and receiver. We verified the consistency of the estimated receiver an-
tenna positions by evaluating different satellite elevation masks (15°
and 20°) and two integer ambiguity resolution methods (continuous and
fix-and-hold) to avoid false solutions that could otherwise remain un-
detected. The continuous method estimates the carrier phase biases
continuously over the different epochs, while the fix-and-hold method
feeds information from one epoch towards the subsequent epoch. No
lever arm corrections were included in the camera position adjustment,
and only a constant vertical offset (22.5 cm) was considered. As Zhang
et al. (2019) discussed, the propagated errors from the small antenna
offset of [0, 0, 22.5] cm to the camera position are insignificant, i.e. ~1
cm.

3.1.3. Measurement of absolute and relative ground control points and
checkpoints

Three static features were used for the ground control points (GCPs),
and they correspond to large boulders or elements of large, hydraulic
infrastructure. The geographic coordinates of these ‘absolute’ GCPs were
measured using a Trimble 5800 GPS receiver, and the base station
already established by Gonzales-Moradas and Viveen (2020). The
recording time of each GCP was ~30 min. The correction files were
provided by the Peruvian Geographic Institute (antenna: LI04 Pucusana;
international code: 42245MO001) and correction was done during post-
processing. The coordinate system used was the projected Universal
Transverse Mercator (UTM) zone 18S based on the datum World



M.A. Rosas et al.

Geodetic System 1984 (WGS84). We obtained millimetric errors for the
GCPs, with horizontal and vertical errors smaller than 1 mm (see S1 for
more details).

The second survey (July 2019) was selected as the reference model
for the other two surface reconstructions (February 2019 and March
2021). On the reference model, we identified invariant local features
such as large boulders or elements of solid hydraulic or civil infra-
structure that were visible on the two other models. These invariant
local features were then used as ‘relative’ GCPs. We extracted the
geographic coordinates and altitude of the relative GCPs from the
automatic matching points generated by Pix4D in the first step of the
SfM workflow (see Section 3.2.1). Subsequently, the relative GCPs were
included in the SfM processing to co-register the other two models
(Fig. 1). Similar to the relative GCPs, checkpoints were identified in the
reference DSM model as invariant local features, i.e., big rocks or human
infrastructure. Checkpoints were used to estimate the individual DSM
model error (SDE), and subsequently, the propagated error and the
probability of the DSM of difference (DoD) (Sections 3.2.2 and 3.3.1).

3.2. Data processing: photogrammetric workflow

3.2.1. Structure from motion processing

The SfM workflow was carried out in the Pix4Dmapper software
(Pix4Dmapper, 2021) in order to reconstruct the preliminary DSMs of
the study area for the three flight campaigns. We processed all the im-
ages from all flights of each survey to obtain three raw data outputs: the
3D dense point cloud, the orthomosaic and the digital surface model of
the surveyed area based on the geotagged images. The first step of the
SfM workflow was image alignment by detecting matching points on
overlapping images. We set the camera calibration parameters with
linear rolling shutter and fish-eye lens to minimize the ‘dome effect’,
which is a systematic surface error based on the lens distortion param-
eters and the inaccuracy in their calculation (Wackrow and Chandler,
2008; James and Robson, 2014). After the addition of GCPs (absolute
and relative), we re-optimized the camera positions and the internal
camera parameters to increase the accuracy of the model and computed
additional matches between images to avoid bends or curves in the
matched patches as recommended for projects including more than 500
images (Pix4Dmapper, 2022). In the second step, the 3D dense point
cloud reconstruction was realized using the settings for medium quality
and optimal point density. The densification was done using a matching
9 x 9 pixel window and an automatically limited camera depth in order
to prevent the reconstruction of background objects. As a last step, we
computed the photo orthomosaics and the DSMs based on the 3D dense
point clouds. We used the built-in noise filtering and sharp surface
smoothing algorithms of Pix4D. The DSMs were generated using the
inverse distance weighting interpolation method.

3.2.2. DSM model error assessment

The error on the two DSMs was determined from the horizontal and
vertical misfits between the two DSMs and the reference DSM, and based
on the coordinates of the absolute, and relative GCPs. We calculated the
average error, the standard deviation (SD) and the root mean square
error (RMSE) in each x, y, z direction. The DSM was considered as
calibrated when the average error (%, y and z) showed values below 0.1
m as suggested by Zhang et al. (2019) and Kalacska et al. (2020).
Additionally, we compared the coordinates of checkpoints between the
reference DSM and the resulting DSMs. We computed the average error,
the SD and the RMSE to assess the errors of the models.

3.2.3. Comparison of co-registration and co-alignment techniques

For a subset of the images, we compared the performance of co-
registration and co-alignment techniques for surface change detection.
In contrast to the co-registration technique described above, the co-
alignment methodology imports images from two different surveys
into one single block (Cook and Dietze, 2019), and runs the first step of
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the SfM workflow, i.e., the image alignment, on the entire block without
adding GCPs. Thereby, detected matching points are invariant and
robust to distortions over time. After the image matching procedure, the
co-alignment method separates the images of the different surveys but
retains the position and camera calibration information. The remaining
two steps of the SfM workflow, i.e., 3D point cloud and DSM computa-
tions, are completed on the images of each survey separately. We
applied the co-alignment method to a subset of images covering a subset
area of the gully in the alluvial fan in the southern part of the study area
and obtained the DSM models for the three surveys and the DoDs. The
uncertainty of the change detection was then compared with the
outcome of the co-registration workflow that was described above.

3.3. Landscape change assessment

3.3.1. Spatially distributed uncertainty

The uncertainty of the elevation change assessment included the
propagation of the identified errors into the DoD and the assessment of
the significance of the DoD uncertainty. We used the probabilistic
method described in Wheaton et al. (2010) and proposed earlier by
Brasington et al. (2003) and Lane et al. (2003). The method estimates
the critical threshold error, Ui, (Eq. (1)), based on the standard devi-
ation of the individual DSM model error (SDE) and a critical Student's t-
value:

Uerie = t(\ /SDE? + SDE%) (€))

where SDE; and SDE, are the SDE for two different DSM models ob-
tained at different moments.

Thus, we calculated the propagated error, and the probability of the
predicted elevation change to occur, by relating the t-statistic to its
cumulative distribution function at a selected confidence interval (more
details in Wheaton et al., 2010). Based on that, the uncertainty can be
spatially distributed over the area. We used the 95 % confidence interval
as a threshold. Likewise, the DoD errors with probability values smaller
than our threshold were discarded. Positive values corresponded to
significant increases in elevation, while negative values represented
significant surface lowering or erosion. The presented approach has
been implemented in the Geomorphic Change Detection (GCD) add-in
for ArcGIS (Bailey et al., 2020) and it was applied to our study using
the high-resolution DSM models (~0.04 m pixel size).

3.3.2. Landscape change assessment

Elevational changes can be the result of land cover changes and
geomorphic dynamics. In order to identify drivers of change, landscape
units were classified in five main groups: infrastructure (paths, build-
ings, bridges and their embankments), vegetation (herbs, shrubs and
trees, and riparian vegetation), cropland (fruit trees), bare or degraded
land (bare land, river banks and floodplain) and water bodies (Canete
River). Using the high-resolution orthophotomosaics that were re-
aligned after the co-registration step, we carried out object-based
image classification which is recommended for high-resolution im-
ages. The software e-cognition, v. 9.01, (Trimble Geospatial) segments
the orthophotomosaic in polygons, based on the shape, altitude and
colour, to classify the different objects in the area. The performance of
the object-based classification was assessed using a confusion matrix,
based on 300 points randomly distributed over the study area. Likewise,
we estimated the overall accuracy, user and producer accuracy, and
kappa statistic of the classification.

We achieved a detailed analysis of the results, focusing on two areas
with major landscape changes over the study period. Our analyses
focussed on two major aspects of landscape change over the study
period: (1) changes to infrastructure, vegetation and cropland associated
with land cover changes, and (2) changes to bare and degraded land, and
the Canete River channel associated with geomorphic dynamics. We
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extracted the DoDs for each class (infrastructure, vegetation, cropland,
bare and degraded land, and water body), and identified the magnitude
and driver of landscape change.

4. Results
4.1. Consistency of image geotagging

The image coordinates and elevation were obtained in RTKLib by
applying the PPK methodology. The analysis started with an elevation
mask of 15° to include as much satellites as possible. The elevation mask
value was then increased by small increments until the positions were
fixed. Our results showed that 26 % of the coordinates were fixed with
an elevation mask of 15° and 74 % with 20°. In parallel, we checked the
accordance between fix-and-hold and continuous integer ambiguity
resolution methods. For our study, 13 % of the positions were fixed by
using the continuous method, and 87 % by fix-and-hold. The calculated
image positions reflected the performance of the PPK methodology: the
standard deviation (SD) of the coordinates and elevation presented
millimetric values (Fig. 2). The average SD for the X axis and Y axis were
0.012 m and 0.008 m, respectively. For the Z axis, the SD reached a
value of 0.019 m.

4.2. Surface DSM model errors

The DSM of the July 2019 survey showed the lowest misfit and
highest consistency compared to the reconstructions for the February
2019 and March 2021 surveys and was therefore selected as the refer-
ence map (tp). The GCPs and check points were positioned in the
reference model (Fig. 1) and their coordinates extracted from the un-
derlying photogrammetry. These coordinates were used for co-
registration of the other point clouds. The resulting DSM models were
renamed as t_g for the February 2019 (-5 months) and ¢, 59, for March
2021 (420 months) surveys (see Suppl. Materials S3).

The errors in the DSM models, relative to the reference model (tp),
were computed for all GCPs (light blue boxplots in Fig. 3a). The mean
horizontal errors (X, Y) were smaller than 0.03 m for the t_5 model and
around zero for the t, 59 model. For the t_5 model, the mean elevation
error (Z) was 0.031 m with a SD and a RMSE of 0.241 m; and for the t, 59
model the mean elevation error was and 0.018 m with SD of 0.134 and a
RMSE of 0.135 m. The external validation on the checkpoints (red
boxplots) showed centimetric horizontal errors (X, Y) that are below
0.07 m for the t_s, and below 0.05 m for the t o model; and mean
elevation errors (Z) of 0.069 m for the t_5, and 0.19 m for the t; 3o model
(Fig. 3).
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Fig. 2. Performance of the PPK image geotagging. The boxplots show the
distribution of standard deviation (SD) in logarithmic scale of the calculated
image coordinates (X and Y axis) and elevation (Z axis).
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4.3. Comparison of co-registration and co-alignment methods

The results in the subset area of the ephemeral stream on the fan
(Fig. 4a, b) revealed the performance quality of both co-registration by
using relative GCPs, and co-alignment using information of multiple
surveys (Fig. 4c to f). Using co-registration, 40 % of the pixels had a
probability of change higher than |0.35| m (Fig. 4c and d). By applying
co-alignment, 97 % of the subset area had a probability of change lower
than |0.2| m (Fig. 4e), which is evident from the DoD map where
topographic changes are hardly noticeable (Fig. 4f). We observed that
1.5 % of the subset area presented a probable change in elevation with
co-registration, while only 0.06 % of the subset area was identified as
probable of change with co-alignment. In the study area, the change
detection based on co-registration outperformed that of the co-
alignment technique.

4.4. Change detection: isolating geomorphic dynamics from land cover
changes

By applying co-registration and by contrasting the raw and thresh-
olded DoDs at 95 % confidence interval (Fig. 5a, b), our results showed
that 32 % of the entire study area presented elevation changes between
February 2019 and March 2021. The minimum elevation change
observed was |0.56|m and the maximum |9.8] m. The object-based
classification of the landscape units (Fig. 5¢) presented a good perfor-
mance of 88 % overall accuracy and a high kappa statistic of 87 % (see
Suppl. Material S2). Overall, the ‘cropland’ and ‘vegetation’ classes are
located in the alluvial valley while ‘infrastructure’ (such as roads and
buildings) were located next to the river channel and the lower part of
the alluvial fan. Bare and degraded land can be found on the alluvial fan
surface and steep valley sides.

Drivers of elevation changes are twofold: (1) land cover changes
related to human infrastructure, cropland activities and vegetation
removal, and (2) geomorphic dynamics related to erosion and deposi-
tion on hillslopes, the alluvial fan, and ephemeral channels, and to
valley scouring. Over the entire study area and over the 25-month period
(2019-2021), 87 % of the pixels from the thresholded DOD (Fig. 5b)
were related to land cover changes with an elevation change range of |
1.6/ m to |9.8] m and 13 % to geomorphic dynamics including an
elevation change between |0.56] m and |3.2| m. The distal part of the
alluvial fan and the lower valley floor were subject to land cover changes
mostly related to rural infrastructure.

Regarding geomorphic dynamics, the most active feature was the
ephemeral stream dissecting the alluvial fan (R1 in Fig. 5c; covering
5176 m?). The intermittent stream is braided with low sinuosity, and
widening of the channel was evidenced from erosion of its channel
banks. Over the 25-month monitoring period, the channel widened as a
result of channel migration. Undercutting and lateral bank erosion of
~0.75 to 3.2 m was the main mechanism of channel widening.

During the studied period about 83 m® of material was eroded, and
efficiently transported downstream. There are no indications of net
fluvial deposition in the ephemeral channel, but colluvial deposits were
observed at the footslopes of the steep valley walls (Fig. 6a). These de-
posits with a volume of ~46 m> were the result of bank erosion and
collapse of the valley wall (Fig. 6b-c). So, net sediment erosion was
estimated at ~37 m® for the 5176 m? area, corresponding to 18.5 m®
yr~! or ~9500 t km? yr~! (using a sediment density equal to 2.65 t m~>
for the unit conversion).

The Canete River (R2 in Figs. 5¢, 7) where the channel is constrained
by the bridge (16 m width) is the second area of interest. Land cover
changes resulting from vegetation dynamics were the main cause of the
elevation changes (Fig. 7b) and they obscure the change related to
geomorphic dynamics (Fig. 7a). The images illustrate the changes in the
upper section of this area (northern area in Fig. 7b), where vegetation
was removed for the construction of lateral embankments (made of
boulders of ~1.2 m diameter). The (temporal) stability of the lower left
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(a) February 2019 (t.)
GCP (n=19)  Checkpoints (n=6)
1]

P— =

s | —

X 2 7 Z Error X Y Z Error

Mean(m) -0.021 0.026 0.031 -0.061 0.065 0.069
SD(m) 0.105 0.145 0.239 0.095 0.127 0.093
RMSE(m) 0.107 0.148 0.241 0.113 0.143 0.116
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(b) March 2021 (t,,,)
GCP (n=21)  Checkpoints (n=8)
o
X Y Z Error X Y Z Error
Mean(m) -0.004 0.006  0.018 0047 -0.023 0.190
SD(m)_ 0.139  0.085  0.134 0134 0047 0182
RMSE(m) 0.139 0.085 0.135 0.142 0053  0.264

Fig. 3. Relative errors of the DSMs after co-registration: (a) February 2019, t_s, and (b) March 2021, t, »o. The boxplots show the mean, SD and RMSE of planimetric
(X, Y) and elevation (Z) errors of the GCPs and the check points. The n value represents the number of GCPs (blue) or checkpoints (red). (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 4. Comparison between co-registration and co-alignment methods in the subset areas. (a) Location of the subset area (purple square) and (b) orthophotomosaic.
(c, e) Spatial distribution of the probability of change in elevation. (d, f) Thresholded DoD. Negative and positive values denote probable surface lowering and rising.
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

bank was evidenced from vigorous plant growth (~+1.8 m) along the
point bars (Fig. 7b). During the studied period, there was no evidence of
bank erosion or channel migration, possibly due to natural and grey
infrastructure that is preventing channel migration and bank erosion.

5. Discussion
5.1. Annual geomorphic change detection in (semi-)arid regions

This case study in the western Peruvian Andes shows that 4D models
allow monitoring of geomorphic processes at dm-scale spatial resolu-

tion. Our original UAV-PPK-SfM dataset covered an area of ca. 0.3 km?
and timespan of 2 years. The level of detection of surface deformations

was adequate to detect changes that were larger than 0.56 m over the
entire 25-month period. Even though our dataset did not allow an
exhaustive assessment of sediment dynamics because of its limited size,
we identified several hotspots of active erosion processes (Fig. 5b, c).
The ephemeral channel is the most dynamic geomorphic feature in the
area, and it is migrating rapidly. Our 4D analysis reveals that ephemeral
streams can be very active geomorphic features, with channel widening
and bank erosion rates of up to 1.6 m yr ', and 18.5 m® yr ! or 9500 t
km ™2 yr ! of eroded material (when using a sediment density equal to
2650 kg m~3 for the unit conversion), even in years with average pre-
cipitation rates of 15.1 mm yr~ ' and absence of extreme weather events.

By providing quantitative data on surface elevation change in steep
and mountainous areas located in the western Peruvian river basins, the
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Fig. 5. DoDs between February 2019, t_s, and March 2021, t, 5. (a) Visualization of raw DoD, and (b) thresholded DoD. (c) Object-based classification of landscape

units with indication of the two selected regions (R1 and R2).

UAV-PPK-SfM approach contributed with new data on soil erosion rates
and geomorphic change in river valleys, that is lacking for the western,
arid Andes. Periods of intensive erosion and deposition are often
uniquely linked to extreme climatic events such as ENSO-related
extreme weather (Mettier et al., 2009; Tote et al., 2011; Morera et al.,
2017). However, few quantitative data existed on geomorphic process
rates at the event scale (INGEMMET, 2013). This case-study in the
Canete River valley exemplifies the magnitude of erosion events in
ephemeral channels in the arid Andes. The calculated erosion rate of
9500 t km 2 yr ! in the ephemeral channel greatly exceed the soil loss
rates (2590 = 295 t km 2 yr‘l) and specific sediment yields (up-to 2600
+ 570 t km 2 yr’l) that were compiled for the Andes (Vanacker et al.,
2022; Rosas et al., 2023).

Even though the applied methodology was not capable of assessing
in more detail the anthropogenic drivers of geomorphic change in the
area, the increased anthropogenic activity and land cover change in the
region (Morris, 2017; Rosas et al., 2020) might further enhance or
control geomorphic activity (Vanacker et al., 2022). The green and grey
infrastructure along the river banks could reduce bank erosion and
channel migration. On the other hand, the removal of natural vegetation
to e.g., expand cultivated areas, can reduce soil protection and slope
stability and potentially trigger soil erosion and sediment production by
mass movements (Restrepo et al., 2015; Ochoa et al., 2016; Grima et al.,
2020), and even reduce channel stability (Vanacker et al., 2005; Downs
and Piégay, 2019). Given the rugged topography, eroded material may
be effectively transported and potentially accumulated downstream as
no net changes were observed in the elevation of the ephemeral channel
bed.

The output is particularly relevant for the monitoring of concen-
trated geomorphic processes, such as lateral widening or migration of
ephemeral channels and mass movements. These are hard to monitor
with traditional surveying techniques because of the needed high reso-
lution and the difficult access in steep mountainous terrain. The
observed data can then be integrated with other soil erosion measure-
ments, resulting from e.g. runoff/erosion plots (e.g., Inbar and Llerena,
2000; Molina et al., 2007; Ehrhardt et al., 2022), isotopic tracers (e.g.,
Fujiyoshi et al., 2009), gauging stations (e.g., Morera et al., 2017;
Vanacker et al., 2020; Coviello et al., 2020) or sensors of mass move-
ment detection (Simoni et al., 2020).

5.2. Performance of the co-registration approach: new perspectives

Recent advances in UAV-SfM techniques have made it possible to
survey landscape morphology at m? to km?-scale at a relatively low cost
and with high time flexibility (Eltner et al., 2015). Previous 4D studies
reported decimetric level of detection (LoD = 0.30 m) for mostly flat
areas of around 0.1 km? (e.g., Clapuyt et al., 2017) and up to 0.01 m for
small areas of 600 m? (e.g., Eltner et al., 2015). In mountainous envi-
ronments, it is often not possible to distribute GCPs on very steep slopes
or in unstable terrains, which is essential for model consistency (Clapuyt
et al., 2016). Invariant features in the landscape (e.g. local infrastruc-
ture, big rocks) can then be used as an alternative, as relative GCPs. The
geographic position of these features can be extracted from a reference
surface to co-register digital surface models (Eltner et al., 2016). When
using co-registration techniques, James and Varley (2012), Tuffen et al.
(2013) and Piermattei et al. (2015) obtained decametric accuracies.

By implementing PPK in the UAV-PPK-SfM workflow, it is possible to
reduce the uncertainty on the camera locations that are used for image
geotagging, and reduce the RMSE on the DSM reconstructions (Tonkin
and Midgley, 2016). Zhang et al. (2019) showed that it is possible to
obtain a limit of difference of around 0.10 m even when no GCPs are
used. However, this approach has mostly been applied to flat or undu-
lating topography and for small spatial extents. Here, we added co-
registration by relative GCPs to the UAV-PPK-SfM workflow to
monitor a 0.3 km? study area, resulting in DSMs with a decimetric RMSE
(~0.1 m and ~0.2 m) and a DoD with an average probability of 60 %.
However, our minimum observable elevation change (0.56 m) was
higher than earlier reported levels of detection. This could be due to the
extensive study area (0.3 km?), variable quality of individual surveys, or
also the relatively low number of relative and absolute GCPs. In the case
study, the number of invariant GCPs and checkpoints that could be
detected in the area was limited to ~20 as a result of rapid anthropo-
genic change, vegetation growth, and accessibility. A higher density and
better distribution of GCPs could further improve the quality of the
change detection.

Recently, Cook and Dietze (2019) proposed co-alignment for 4D
monitoring in rugged topography, and they reported planimetric and
elevational errors of ~0.10 m. Similar results were obtained by de Haas
etal. (2021) for the Illgraben torrent in the Swiss Alps. The co-alignment
technique merges all images from all surveys and analyses them
together. A key limitation hereby is that the number of matching



M.A. Rosas et al. Geomorphology 435 (2023) 108766

(@)
AL e B Section A-A’ (b)

Section B-B’ (c)

0 510

DSM of difference

<5 =5 =1 05 02 0 02 05 1 5 >5(m)

Fig. 6. Close-up view of the ephemeral stream (R1 in Fig. 5). (a) Thresholded DoD with 95 % confidence interval. The colour bar shows the vertical changes in
meters. The images on the right show a 3D impression of (b) A-A” and (c) B-B’ cross sections.
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Fig. 7. Close-up of the Canete River channel (R2 in Fig. 5). Thresholded DoD with 95 % confidence interval. (a) Geomorphic dynamics and (b) land cover changes.
The colour bar shows the vertical changes in surface elevation (in meters).
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tiepoints may not be sufficient when important landscape changes occur
between surveys, for example as the result of geomorphic events such as
mass movements or floods. In such situations, additional GCPs are
needed (Cook and Dietze, 2019; Hendrickx et al., 2020). We compared
the outcomes of co-registration and co-alignment for a subset area
(Fig. 4) that was characterised by rapid landscape change. Besides the
fact that the photogrammetric processing time is significantly longer for
co-alignment because of the large quantity of images that need to be
processed together when merging surveys, the change detection based
on co-registration outperformed the results of the co-alignment
technique.

6. Conclusions

Given the dynamic geomorphology of the western Peruvian Andes
and its exposure to accelerated environmental change, there is an urgent
need to identify hotspots of geomorphic change and quantify erosion,
sediment production, and delivery to the channel network. This case
study demonstrated the potential of uncrewed aerial vehicles to monitor
4D landscape changes and to quantify geomorphic process rates in river
valleys. By including co-registration of point clouds by means of relative
GCPs in the image processing workflow, we were able to pinpoint hot-
spots of geomorphic change undergoing probable elevation changes
above 0.56 m (95 % confidence interval). An object-based land cover
classification allowed us to separate geomorphic dynamics from land
cover changes. Ephemeral streams were identified as the hotspots of
geomorphic activity: the widening of the valley floor took place at rates
of 0.3 to 1.6 m yr! as a result of river undercutting and bank erosion,
and 18 m® yr~! of material has been exported downstream corre-
sponding to a specific sediment yield of about 9500 t km~2 yr~!. The
monitoring period covered only average, interannual weather events,
and it illustrated that erosion rates may be underestimated in ungauged
river basins along the western Peruvian Andes.
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