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Modelos Digitais de Terreno (MDT) derivados da tecnologia LIDAR estdo cada vez mais disponiveis. Porém, trabalhar com esses MDT s acarreta altos
custos computacionais e exige equipamentos de alto desempenho, o que pode até inviabilizar a utilizagdo desses modelos. O objetivo deste trabalho é
avaliar os efeitos causados pela alteracdo da resolugdo espacial em representagdes topograficas e redes de drenagem extraidas do LIDAR-MDT. Para
isso, foram aplicadas trés técnicas de reamostragem, agregacdo média, interpolagdo bilinear e interpolacdo do vizinho mais préximo, para tornar
grosseiro um LiDAR- MDT de resolugdo espacial de 1 m em multiplas resolugdes (2, 10, 30 ¢ 100 m). Uma sub-bacia (550 km?) da bacia do Rio
Sirinhaém foi tomada como éarea de estudo de caso. Os resultados mostram que ndo houve diferenca significativa entre as técnicas de reamostragem,
mas sim entre as resolugdes espaciais, variando de acordo com a métrica aplicada. A resolugdo espacial de 2 m é mais adequada caso seja necessaria
uma resolucdio mais grosseira.
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ABSTRACT

Digital Terrain Models (DTM) derived from LiDAR technology are increasingly available. However, working with these
DTMs causes high computational costs and requires high-performance equipment, which may even make the use of these
models unfeasible. The objective of this work is to evaluate the effects caused by changing spatial resolution in
topographic representations and drainage networks extracted from LiDAR-DTM. For this, three resampling techniques
were applied, mean aggregation, bilinear interpolation and nearest neighbor interpolation, to coarse a 1 m spatial
resolution LiDAR-DTM in multiple resolutions (2, 10, 30 and 100 m). A sub-basin (550 km?) of the Sirinhaem River
basin was taken as the case study area. The results show that there was no significant difference between the resampling
techniques, but between the spatial resolutions, varying according to the applied metric. The spatial resolution of 2 m is
more suitable in case of the need for a coarser resolution.

Keywords: Resampling; Computational cost; Digital elevation model.

Efeitos da Resolucio Espacial nas Representacoes Topograficas e Redes de
Drenagem Derivadas de Modelo Digital de Terreno LiDAR

RESUMO

Modelos Digitais de Terreno (MDT) derivados da tecnologia LiDAR estdo cada vez mais disponiveis. Porém, trabalhar
com esses MDT s acarreta altos custos computacionais e exige equipamentos de alto desempenho, o que pode até
inviabilizar a utilizagdo desses modelos. O objetivo deste trabalho é avaliar os efeitos causados pela alterag@o da resolucdo
espacial em representacdes topograficas e redes de drenagem extraidas do LIDAR-MDT. Para isso, foram aplicadas trés
técnicas de reamostragem, agregacdo média, interpolacdo bilinear e interpolacdo do vizinho mais proximo, para tornar
grosseiro um LiDAR- MDT de resolugdo espacial de 1 m em multiplas resolugdes (2, 10, 30 ¢ 100 m). Uma sub-bacia
(550 km?) da bacia do Rio Sirinhaém foi tomada como area de estudo de caso. Os resultados mostram que ndo houve
diferenga significativa entre as técnicas de reamostragem, mas sim entre as resolugdes espaciais, variando de acordo com
a métrica aplicada. A resolucdo espacial de 2 m ¢é mais adequada caso seja necessaria uma resolucdo mais grosseira.
Palavras-chave: Reamostragem, Custo computacional, Modelo Digital de Elevagdo.

Introduction contributing significantly to the theme of water
. . resources (Woodrow et al., 2016).

. The use of Digital Terrain Modgls (DTMs) DTMs are frequently employed for
is of great value for a range of environmental environmental management purposes, providing
studies. Over the last decade,. several ,DTM crucial information for mapping natural resources
product's have. beco.rne. pubhcly available, and natural disasters influenced by topography.
expanding their application in research and
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They play a significant role in various predictive
models for public utility, such as climate models,
rainfall-runoff models, and flood estimation and
propagation models (Roostace & Deng, 2023).

Currently, there are diverse DTM products,
ranging from high spatial resolution and precision
ones, for example, derived from Light Detection
and Ranging (LiDAR) technology, to global survey
products like Advanced Spaceborne Thermal
Emission and Reflection Radiometer (ASTER),
Shuttle Radar Topography Mission (SRTM), and
Advanced Land Observing Satellite (ALOS)
(Azizian & Brocca, 2020).

The increased availability of LiDAR-
derived Digital Terrain Models (DTMs) has led to
a rise in the number of studies aiming to explore
the comparison of this type of DTM with widely
used global surveys, such as SRTM. These
comparisons typically assess which model can
deliver products with greater accuracy concerning
topographic and hydrological parameters (Persendt
& Gomez, 2016).

The acquisition of LiDAR-derived DTMs
is generally justified by the high level of detail in
the product (Lindsay et al., 2019). This type of
product usually has spatial resolutions ranging
from a few centimeters to 3 meters (Muhadi et al.,
2020). Therefore, LiDAR-derived DTMs can
represent small variations in topography, adding
greater complexity to the model. This may be
undesirable as it  impacts  topographic
characterization and complicates the estimation of
geomorphological indices such as slope and flow
directions (Lindsay & Creed, 2005; Lindsay et al.,
2019).

Although the use of LiDAR-derived
Digital Terrain Models (DTMs) has increased,
their availability is still limited due to the high
acquisition cost and technical challenges in data
acquisition and processing (Zhang et al., 2019). For
developing countries, for instance, there are both
financial and practical challenges associated with
handling LiDAR-derived DTMs for large areas.
This makes higher spatial resolution not
necessarily the most appropriate, given the high
computational processing cost. It becomes
preferable to work with DTMs of spatial resolution
suitable for processing capacity and the size of the
study area (Muthusamy et al., 2021).

Therefore, one alternative for working with
DTMs of suitable spatial resolution is to resample
LiDAR-derived DTMs to a coarser spatial
resolution. Resampling allows defining an
intermediate resolution between coarse and fine
resolutions, providing a level of detail that offers
adequate information density and minimizing
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processing time according to the chosen objective
(Winzeler et al., 2022).

Research indicates that due to limitations
such as computational capacity, algorithm
processing time, and the large disk size of original
LiDAR data, LiDAR-derived Digital Terrain
Models (DTMs) can be resampled to coarser
resolutions to enable the extraction of hydrological
and geomorphological features at desired scales
(Persendt & Gomez, 2016).

Resampling LiDAR-derived DTMs to
coarser resolutions becomes essential to make
these models usable on medium to low-
performance computers, in large study areas, and
for data integration with coarser spatial resolution
products (Le Coz et al., 2009). Furthermore, the
simplification induced by resampling can benefit
management efforts, allowing faster and less costly
operations of mathematical models at watershed
scales. The results of these operations facilitate the
work of managers by providing prioritized and
quicker decision-making (Lisenby & Fryirs, 2017).

Several studies in different areas have
evaluated the effects caused by the application of
different resampling techniques in DTM-LiDAR
and show that the performance of each technique
can vary according to the degraded spatial
resolution and the analyzed information plan
(Goulden et al.,, 2014; Meles et al., 2020;
Erdbrugger et al., 2021; Muthusamy et al., 2021;
Sliwinski et al., 2022).

To illustrate this, previous works show that
resampling DTM-LiDAR to coarser resolutions
impacts different topographic indices. For
example, it affects the estimation of slope values
and results in the underestimation of contributing
areas, flow path lengths, and the drainage network
of watersheds (Sorensen & Seinert, 2007; Goulden
et al., 2014; Woodrow et al., 2016; Erdbrugger et
al., 2021).

It is also reported that, with an increase in
the degree of spatial resolution coarsening, the
elimination of topographic features occurs, slope
values decrease, hydrography simplifies in
complex surfaces, and there is an overestimation of
hydrological connectivity and surface runoff, along
with a significant reduction in computational cost
(Le Coz et al, 2009; Yang & Chu, 2013;
Grohmann, 2015; Habtezion et al.,, 2016;
Muthusamy et al., 2021;).

The loss of information caused by the
coarsening of spatial resolution can lead to errors
in DTM-derived products and consequently affect
other information plans. For example, errors in
DTM-derived products such as watershed
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delineation, river length, flow paths, and drainage
network can negatively impact the calculation of
the water balance of watersheds, representation of
flood waves, sediment and pollutant transport, and
groundwater recharge (De Sousa & Paz, 2017).

In this sense, LiDAR-derived Digital
Terrain Models (DTM-LiDAR) represent an
innovative product with significant potential for
various applications, ranging from scientific
research, management, and public policy to the
implementation of projects. However, the high
processing cost required by DTM-LiDAR has led
to the need to degrade spatial resolution. Therefore,
it is crucial to understand how the coarsening of
spatial resolution affects information loss in DTM-
LiDAR. Additionally, identifying patterns of
information loss is of great importance to guide
future work with this type of data.

Hence, the objective of this study is to
assess the effects caused by the coarsening of
DTM’s spatial resolution on topographic
representations and drainage networks derived
from DTM-LiDAR with a spatial resolution of 1
meter. The study area is a sub-basin of the
Sirinhaem River watershed, located in the state of
Pernambuco. Three resampling techniques and five
spatial resolutions are employed for this purpose.

Material and Methods

Study Area Characteristics

A

Elevation (m)
869.83

15147 oosw )

The study area encompasses a sub-basin within the
Sirinhaem River watershed, with an approximate
area of 550 km?. This sub-basin was selected due
to the availability of 1-meter spatial resolution
DTM-LiDAR data and compatibility with the
computational capacity of the equipment used in
this study. Figure 1 illustrates the study area.

This area faces water security issues
(APAC, 2020), experiencing irregularities in
annual precipitation and a trend of a 50% decrease
in total annual precipitation. Additionally, it is
prone to flooding events (Silva et al., 2017; Ferraz,
2019). Therefore, given these characteristics, the
watershed requires hydrological studies focused on
water resource management.

General Approach

The methodology employed in this study
followed five main stages. The first stage involved
the collection and preparation of DTM data. In the
second stage, a resampling procedure was carried
out, degrading the spatial resolution of the
reference DTM to resolutions of 2, 10, 30, and 100
meters.

The third stage consisted of extracting
topographic  representations present in the
reference and resampled DTMs. In the fourth stage,
processing was performed for each DTM to
characterize drainage networks and watersheds.
Finally, metrics of evaluation were applied to the

Bl Study basin
I Pernambuco state
[ Brazil

===Streams

Figure 1. Location of the study area and reference drainage network with coding of river segments.
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information plans extracted in the third and fourth
stages.

To facilitate the understanding of the
methodology sequence and results, Table 1 was
created. It includes the coding adopted for the
products extracted from the DTMs used in this
research. The codes are based on the resampling
technique and spatial resolution of the DTM,
except for the reference DTM, which is coded as
'Reference' and is not included in the table.

Table 1. Coding adopted for products derived from
resampled DTMs.
Resampling technique

Spatial. Mean Bilinear Nearest

resoluti  5o0regati interpolat  neighbor

on on ion interpolat
ion

2 MA2 BI2 NN2

meters

10 MA10 BI10 NN10

meters

30 MA30 BI30 NN30

meters

100 MA100 BI100 NN100

meters

Collection and Preparation of DTM-LiDAR Data

For the construction of the reference DTM
used in this study, 170 DTM-LiDAR scenes were
utilized. These scenes were acquired through the
Pernambuco Tridimensional program (PE3D)
portal. The DTM-LiDAR scenes provided by
PE3D have a spatial resolution of 1 meter at a
1:5000 scale, a radiometric resolution of 32 bits,
and an altimetric precision better than 25 cm. They
are referenced in the UTM Coordinate System,
SIRGAS 2000 Datum, in the 25S zone for the study
area. Each scene is approximately 33 megabytes,
with 3,555 columns and 2,425 rows.

The PE3D aimed to conduct an
aerophotogrammetric survey and laser profiling
(LiDAR) of the entire territory of the state of
Pernambuco, covering an area of 98,148 km?
(Cirilo et al., 2014). The aerophotogrammetric
coverage generated orthophotos at a 1:5000 scale
with a spatial resolution of 50 cm, along with photo
indices and respective metadata. The laser profiling
had an approximate point density of 1 point per
square meter, totaling about 50 billion points
throughout the state (Cirilo et al., 2015).
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In the DTM-LiDAR scenes used in this
study, the presence of null elevation values was
detected. To prevent potential error propagation in
subsequent steps, the scenes underwent processing
to eliminate null values. The procedure involved
applying a filter to each DTM scene if null values
were detected.

With the filtered scenes, the DTM-LiDAR
scenes were concatenated, forming a single DTM-
LiDAR file for the study area. The final result was
a file composed of 170 scenes, generating a DTM
with a spatial resolution of 1 meter, totaling 5.45
gigabytes, 41,860 columns, 34,979 rows, and a
total of 1,464,220,940 pixels.

Resampling of the Reference DTM

The reference DTM-LiDAR (1 m spatial
resolution) was resampled to resolutions of 2, 10,
30, and 100 meters. The choice of 2 and 10-meter
resolutions is due to their ability to preserve a
certain level of detail and, therefore, can be used in
works that require higher levels of detail. The 30
and 100-meter resolutions were chosen for their
suitability in projects involving large areas
(Erdbrugger et al., 2021).

For resampling, three techniques were
employed: mean aggregation, bilinear
interpolation, and nearest neighbor interpolation.
The selection of these resampling techniques is
based on their well-established and extensive use
in studies that investigated the effects of changing
spatial resolution of DTMs (Sliwinski et al., 2022).
Moreover, these methods are the most commonly
used in the literature for resampling DTMs (Le Coz
et al., 2009; Gillin et al., 2015; Muthusamy et al.,
2021), having demonstrated satisfactory results.

Extraction of Topographic Representations

The topographic representations
considered were the hypsometric curve and cross-
sectional topographic profile (CTP). The analysis
of these representations aimed to identify the
pattern of information loss associated with the
process of changing spatial resolution.

The cross-sectional topographic profile is
commonly used in the literature to assess the
difference between elevation data from DTMs with
different sources and spatial resolutions (Vaze et
al., 2010; Zhang et al., 2019). For this study, three
CTPs were utilized, one in the upper portion,
another in the middle, and the last one in the lower
portion of the watershed. These locations were
chosen because they represent zones with distinct
elevation amplitudes.
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Removal of Spurious Depressions in DTMs

The studied DTMs were processed to
remove spurious depressions. This procedure is
necessary to form continuous water flow lines,
allowing for more realistic estimates of flow
channel locations (Lidberg et al., 2017). For this
procedure, the Fill Sinks XXL algorithm (Wang &
Liu, 2006) was employed. This algorithm was
chosen because it was designed to process high-
resolution DTMs, presenting good computational
efficiency in handling DTMs derived from LiDAR
technology.

Calculation of Flow Directions and Accumulated
Drainage Areas

Flow directions were computed using the
Flow Accumulation (Top-Down) algorithm in
SAGA GIS, employing the Deterministic 8 - D8
method (O’callaghan & Mark, 1984). This
algorithm performs the simultaneous calculation of
flow directions and accumulated drainage areas.

The D8 algorithm was chosen for this
study as it is one of the most widely used for
hydrological studies, offering simplicity and
acceptable representation for conditions of
unidirectional flow. Additionally, it ensures
consistency between flow patterns, calculation of
accumulated areas, and watershed delineation
(Ariza-Villaverde et al., 2015).

Determination of Drainage Networks

To determine the drainage network, a
minimum area value of 10 km? was adopted, and
this value was used for all DTM datasets. The
selection of the minimum area value was based on
tests with the aim of avoiding the generation of a
dense network, i.e., with many flow paths. A dense
network increases the complexity of evaluation
without necessarily contributing significantly to
the purpose of this research.

The reference network adopted in this
study is derived from the 1m DTM-LiDAR and
consists of 27 segments, comprising segments of
the main river and its tributaries. The analyses
conducted in this research were performed
considering the main river and the 27 segments,
totaling 28 objects of analysis. Figure 1 shows the
reference drainage network and the coding of the
segments.

Watershed Delineation
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In delineating the watershed, the choice of the
outlet location took into consideration a limit on the
drainage area to ensure that the computer used in
this study could handle the processing. The
location was based on the presence of a river
monitoring point on the Sirinhaem River, which
could contribute data for future studies. The outlet
used for each resampled DTM was positioned at
the same location or as close as possible to the
reference outlet.

Application of Evaluation Metrics

Comparison of Cross-Sectional Topographic
Profiles (CTP) — the comparison of CTPs aimed to
identify the difference in elevation values in
specific segments of the watershed between the
reference DTM and the resampled DTMs. This
comparison allowed for the identification and
measurement of the loss of topographic
representation caused by the change in spatial
resolution.

Relative Variation of Hypsometric Curves — this
metric aimed to assess the difference in elevations
across the watershed as a percentage of the area. It
allows us to examine the wvariation between
elevation values in the resampled DTMs compared
to the reference values (1m spatial resolution).
Identifying the relative variation is crucial as it
enables the quantification of information loss in
topographic data during DTM resampling.

_ (Res.E - RefE) * 100
B Ref. E

RV

6]

Where:

RV — Relative variation of hypsometric
curves;

Res.E — Resampled elevation (m);

Ref.E — Reference elevation (m).

Visual Inspection of Drainage Networks — visual
inspection can be applied to both raster and vector
drainage network files and is commonly used to
assess network connectivity and identify
topological and geometric errors (Polidori & El
Hage, 2020). In this study, vector representations
of drainage networks were analyzed by comparing
the reference network (derived from the 1m DTM)
with networks derived from resampled DTMs. The
procedure involved overlaying the reference
network outlines with those of the networks
derived from resampled DTMs. This approach
allowed for the assessment of the similarity
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between network outlines and the identification of
any errors present.

Average Distance Between Drainage Network
Traces — this metric aims to quantify the degree of
separation between drainage network traces by
calculating the average distance between the traces
of the reference network and those of the networks
derived from resampled DTMs (Davies & Bell,
2009). For this study, the average distance between
the drainage networks of resampled DTMs and the
reference network was analyzed. The average
distance was calculated as follows: the area of all
polygons formed between the network traces was
calculated, and then this result was divided by the
length of the main river in the reference network
(Chen et al., 2012).

Quantification of Streams Lengths — after
calculating the lengths of the analyzed segments, a
comparison was made between the reference and
resampled values to assess whether there was an
increase or decrease in length. The relative
difference was calculated for the comparison.

_ (Res.L —Ref.L) * 100
B Ref. L

RD
)

Where:

RD — Relative difference between stream
lengths;

Res.L — Resampled length;

Ref.L — Reference length.

Percentage Within Buffer (PWB) — this evaluation
metric estimates the percentage of a given drainage
network that lies within a buffer generated around
the reference network (Davies & Bell, 2009). The
estimation is based on calculating the ratio between
the sum of river segments within the buffer and the
total length of that river. The result of the ratio is
then multiplied by 100.

The selected buffer size should ensure that
approximately 50% of the degraded DTM network
is within the buffer region. This is because a very
low buffer value would exclude a significant
portion of the analyzed network, while a high value
would include almost the entire network, making
comparisons and analyses challenging (Davies &
Bell, 2009).

In this study, each degraded spatial
resolution drainage network was evaluated
concerning the reference network. A buffer with a
size of 4 pixel of the resampled DTM spatial
resolution was applied to the object of analysis.
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According to De Sousa and Paz (2017), this buffer
size ensures more balanced results, i.e., it is not too
stringent to exclude a large portion of the network
within the buffer and not too generous, allowing a
large percentage within the buffer.

Watershed Delineation — this metric’s primary role
is to identify areas that are correctly delineated,
erroneously omitted (omission error), and
erroneously included (commission error) among
the analyzed watersheds (De Sousa & Paz, 2017).
This allows for the quantification of the percentage
of these areas for the watersheds delineated from
resampled DTMs compared to the reference
watershed delineation (derived from the 1m DTM).

Quantification of Computational Cost — this metric
assessed the extent to which the coarsening of
spatial resolution led to a reduction in
computational cost, measured in terms of disk
storage space and algorithm processing time. The
processing time of the Fill Sinks XXL, Flow
Accumulation, and Channel Network algorithms in
the SAGA GIS software was quantified. The
storage space required by the files generated by
these algorithms was also quantified for both the
reference spatial resolution and degraded spatial
resolutions.

Data  computation followed some
precautions. Firstly, the SAGA GIS software was
kept open and running without parallel processing.
Secondly, three processing rounds were performed
for each algorithm, with the software closed and
restarted at the beginning of each new round. The
third precaution involved the individual evaluation
of each time, discarding outlier values. If detected,
a new round was conducted. At the end of the
rounds, the average processing times for each
algorithm were calculated.

The computer configuration used for data
processing is as follows: Intel Core 15-8250U 1.60
GHz quad-core processor, 20 GB RAM, NVIDIA
GeForce MX110 2 GB dedicated graphics card.

Results and discussions

Comparison of Cross-Sectional
Topographic Profiles (CTP) — the CTPs are
situated in distinct zones within the watershed and
have different elevation ranges. CTP1 is located in
the upper part of the watershed, CTP2 is in the
middle portion, and CTP3 is in the lower portion.
No significant effects on cross-sectional
topographic profiles were observed due to changes
in spatial resolutions when comparing the reference
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CTPs with
resolutions.

Resolutions of 2 and 10 meters showed
relatively small differences, not exceeding 4

those derived from degraded

Mean aggregation

1 AM30

Relative variation (%)
I
=

1 AM100

Relative variation (%)
I
s

200 400 600

Elevation (m)

800 200

Bilinear interpolation

400

Elevation (m)

characterization practically remains unchanged.
This finding is consistent with the work of
Mendonga and Paz (2022), where they show no
significant differences between hypsometric

Nearest neighbor interpolation

B30 — [VMP30
IB100 — [VMP100
600 800 200 400 600 800

Elevation (m)

Figure 2. Relative variation of hypsometric curves: mean aggregation (MA), bilinear interpolation (BI), and
nearest neighbor interpolation (NN) at resolutions of 30 and 100 meters.

meters. The 30-meter resolution exhibited slight
differences, mainly in peaks, which could reach up
to 8 meters in certain segments. The 100-meter
spatial resolution showed larger differences
compared to the others. Additionally, it
demonstrated difficulties in representing elevation
variations over short distances and exhibited peaks
and valleys that were displaced and generally
smaller.

These results align with other studies
(Vaze etal., 2010; Sliwinski et al., 2022;) exploring
the change in spatial resolution in LiDAR-derived
CTPs. In these studies, coarser resolutions face
challenges in representing elevation changes over
short distances and show displacements of peaks
and valleys.

Analysis of Hypsometric Curves — for the
hypsometric curves of all degraded spatial
resolutions, no significant differences were

identified compared to the reference curve. This
demonstrates that, despite the information being
degraded up to 100 times, the hypsometric
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curves of resampled LiDAR-derived DTMs at
resolutions of 2, 10, and 30 meters.

Analyzing the relative variations of the
hypsometric curves reveals a pattern of increasing
variation at lower elevations. This pattern is
observed for all three resampling methods and at
all degraded resolutions. In all resampling
methods, resolutions of 2 and 10 meters exhibited
nearly identical behavior, with a maximum relative
variation of less than 0.08%. Meanwhile, for
resolutions of 30 and 100 meters, the highest
variations were -0.82% and -3.15%, respectively.
Figure 2 illustrates the relative variation of
hypsometric curves.

Visual Inspection of Drainage Networks — in
general, visual inspection reveals that when
analyzing drainage networks from resampled
DTMs with the same spatial resolution, there are no
significant relative differences between them.
However, a higher similarity in traces is observed
between networks generated by DTMs resampled
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using bilinear interpolation and nearest neighbor
interpolation methods.

However, when analyzing networks
derived from DTMs resampled at different spatial
resolutions, it is generally observed that the spatial
resolution showing the highest similarity with the
reference network (1 meter) is 2 meters, followed
by 10, 30, and 100 meters.

Through visual inspection of drainage
networks, it was observed that as the degree of
spatial resolution coarsening increases, the
drainage networks show greater distancing and
displacement of confluences compared to the
reference network. This tends to result in both an

increase and a decrease in the length of segments.
Additionally, the networks also lost the ability to
represent meanders, which can lead to the
underestimation of length for most segments.

These findings are consistent with the
results of other studies (Vaze et al., 2010; Yang et
al., 2014; Souza & Paz, 2017; Mendonga & Paz,
2022;), which emphasize that the higher the degree
of spatial resolution coarsening, the greater the
effects of resolution change on drainage networks.
Figure 3 illustrates segments of the reference
drainage network and networks derived from
resampled DTMs.
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Figure 3. Tracings of drainage networks at the confluence of segments 13 and 26, 9 and 11, 10 and 4, 27 and
16: for reference networks and resampled networks at a spatial resolution of 30 meters.

Mean Distance — the evaluation of the
mean distance between the reference network and
the degraded MDT networks showed that for the
same spatial resolution, the distance value was very
close between the networks. No significant
differences were identified between the resampling
techniques.

Moreover, it was noted that with the
increase in spatial resolution coarsening, the mean
distance tends to increase. Furthermore, the
displacement of confluences was a determining
factor in the result of the average distance
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calculation, favoring the generation of larger
values.

These findings align with the results of
other studies (Chen et al., 2012; De Sousa & Paz,
2017), which show that when spatial resolution is
degraded, drainage networks tend to lose precision.
In a method that assesses the error in the distance
between drainage networks, Yang et al. (2014)
demonstrate that for coarser resolutions, the error
increases, meaning that the distance between
networks is greater as the resolution is coarsened.

3801



Revista Brasileira de Geografia Fisica v.17, n.05 (2024) 3794-3808.

Figure 4 illustrates the average distance of the main
river.

Stream Lengths — upon obtaining the lengths of the
main river and its segments, the relative differences
between the lengths of the reference network
segments and those derived from resampled DTM
networks were analyzed. It was observed that, in
general, most segments in all degraded networks
exhibited a pattern of underestimating length.
Various studies (Goulden et al., 2014; Yang et al.,
2014; Souza & Paz, 2017; Mendonga & Paz, 2022;
Sliwinski et al., 2022;) have also concluded that the
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coarsening of spatial resolution leads to a decrease
in the length of flow paths.

Sliwinski et al. (2022) tested six
resampling techniques, and all of them resulted in
areduction in the length of flow paths. The findings
of Yang et al.'s work (2014) also indicate a
reduction in the total length of rivers. For a spatial
resolution of 10 meters, there was a relative
difference of approximately 10%, and for a
resolution of 30 meters, the relative difference
reaches up to 16%.

S
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Figure 4. Mean distance between main rivers for resampling methods: mean aggregation (MA), bilinear
interpolation (BI), and nearest neighbor interpolation (NN) at resolutions of 2, 10, 30, and 100 meters.

As a general trend, the results of Yang et
al. (2014) for spatial resolutions of 5 and 10 meters
are similar to those found in this research.
However, for a spatial resolution of 30 meters, the
results do not follow the same pattern, although
some segments in this study exhibit a pattern close
to the results of the cited authors.

In the work of De Sousa and Paz (2017),
the proportion of spatial resolution coarsening
jump was similar, ranging from 1 km to 5, 10, 20,
and 30 km. The results show that the relative
differences were higher than 30% for most
analyzed river lengths. This indicates that for the
same proportion of spatial resolution coarsening,
differences greater than those found in this study
were observed for resolutions 10 and 30 times
larger.

The displacement of confluences was a
determining factor for the difference in segment
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lengths, causing an increase in some segments and
a decrease in others. Another important factor was
the reduction in the ability to accurately represent
meanders, leading to a decrease in segment lengths.
This occurs due to the increase in pixel size, which
makes it challenging to perform precise delineation
of meanders.

When evaluating which resampling
technique presents segments with smaller relative
differences, overall, interpolation by the nearest
neighbor has a slight advantage. Therefore, despite
there being a small difference in performance
among the techniques, for the same spatial
resolution, the methods yield similar results. Figure
5 illustrates the values of relative difference
between the length of the main reference river and
the main rivers in networks derived from
resampled DTMs.
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Figure 5. Relative length difference among main rivers for resampling methods: mean aggregation (MA),
bilinear interpolation (BI), and nearest neighbor interpolation (NN) at resolutions of 2, 10, 30, and 100 meters.

Percentage Within Buffer (PWB) — in assessing the
percentage within the buffer, a higher percentage
indicates better quality of the traced drainage
network under evaluation. Generally, results by
spatial resolution show that the percentages for
networks of the same resolution are close.

It is noted that the buffer size and the
distance between the traced drainage networks are
the factors that exerted the greatest influence on the
percentage calculation. Consequently, it was
observed that the 100-meter resolution exhibited
higher PWB, followed by 2, 10, and 30 meters.

In contrast to the approach taken in this
study, Goulden et al. (2014) used a different

0IIII
E’“Eg

WD (%)
& & 5 3 8

e
=1

approach, adopting a fixed buffer size of 3 meters
for the evaluation of different spatial resolutions.
They observed that with the coarsening of spatial
resolution, PWB decreased.

In the study by De Sousa and Paz (2017),
when a buffer of half the size of the pixel of the
degraded spatial resolution was adopted, there was
a tendency for an increase in PWB for most
analyzed rivers, especially for coarser resolutions.
This aligns with the results found in this research.
The PWB for the main rivers in this study is
illustrated in Figure 6.

Main stream
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Figure 6. Percentage within buffer of the main river for resampling methods: mean aggregation (MA), bilinear
interpolation (BI), and nearest neighbor interpolation (NN) at resolutions of 2, 10, 30, and 100 meters.

Watershed Delineation — trough the delineation of
the watershed of the reference drainage network
and those derived from resampled DTMs, it was
possible to compute the percentage of concordance
area, commission errors, and omission errors of the
analyzed networks. Figure 8 illustrates the
percentages of concordance, commission, and
omission areas for each DTM.

Barros, R. C. S.; Paz, A. R.

The results show that the percentages of
concordance area, commission error, and omission
error among all networks are close to each other.
Despite the proximity of the values, as the degree
of coarsening of spatial resolution increases, the
concordance values decrease, and commission and
omission errors increase.
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The variation in percentages for
concordance and omission error was 1.76%, and
for commission error, it was 0.948%. This indicates
that even degrading the reference information up to
100 times, there are compensations of areas,
allowing the watershed area value to be relatively
accurate.

The 2-meter resolution achieved better
results, followed by 10, 30, and 100 meters.
Therefore, from the presented results, it is evident
that the coarsening of spatial resolution leads to a
decrease in the watershed area. This aligns with the
findings of various studies in the literature
(Goulden et al.,, 2014; Souza & Paz, 2017;
Mendonga & Paz, 2022; Sliwinski et al., 2022;).
The work of Mendonga and Paz (2022) shows
percentage decreases of similar order of magnitude
to the present study. Goulden et al. (2014) report
that errors in watershed delineation found in their
work are linked to the topographic characteristics
of the terrain, elimination of hydrological features
at coarser resolutions, and errors in LiDAR
altimetric measurements due to vegetation.

On the other hand, other studies (Wu et al.,
2008; Tan et al., 2015; Edbrugger et al., 2021)
show that the change from finer to coarser spatial
resolution resulted in an increase in watershed area.

Computational Cost — the resampling of the
LiDAR-DTM resulted in an extreme reduction in
algorithm processing time and disk storage space,
reaching up to 5,031,900% and 986,394%,
respectively. The variation in processing time for
algorithms (Fill Sinks XXL, Flow Accumulation,
and Channel Network) among spatial resolutions
illustrates how the coarsening of spatial resolution
reduces computational cost, which may be
necessary when working with large areas.

Although processing time was not a
prohibitive factor in this study, for larger areas with
a consequently greater number of pixels,
processing time and limitations in RAM memory
can become prohibitive factors.
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Figure 7. Computation of concordance, omission, and commission areas in watershed delineation: mean
aggregation (MA), bilinear interpolation (BI), and nearest neighbor interpolation (NN) at resolutions of 2, 10,

30, and 100 meters.

Therefore, algorithms with more efficient
processing have been proposed, reducing the
computational processing cost. For example,
algorithms utilizing parallel processing (Gong &
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Xie, 2009; Barnes et al., 2014; Yildirim et al.,
2015; Stanislawski et al., 2018).

Regarding computational cost by spatial
resolution, it is observed that for the three
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resampling techniques, processing times were
practically equal, with only slight variations of a
few seconds. In terms of disk storage space, there
is no variation in space between files of the same
spatial resolution, as they have the same number of
rows and columns and the same data type. This
reinforces that in terms of computational cost, there
are no significant differences between resampling
techniques, but rather in relation to spatial
resolutions.

The results show a significant reduction in
processing time as the spatial resolution becomes
coarser, which was expected due to the lower
number of pixels to process. It can be noted that
processing time goes from the scale of minutes for
spatial resolutions of 1 and 2 meters to just a few

Processing time (min)
= S
-

]
=

1im am

Figure 8. Algorithm processing time by spatial resolution.

The reduction in disk storage space and
processing time is illustrated in Figure 9. The
results show an exponential trend of increasing
reductions in disk storage space and processing
time with the coarsening of spatial resolution.
Additionally, for the 2 and 100-meter resolutions,
the greatest reduction was in the processing time of
the Flow Accumulation algorithm, while for the 10
and 30-meter resolutions, it was in the processing
of the Fill Sink XXL algorithm.

The results align with studies found in the
literature. For example, in the study by Mendonga
and Paz (2022), they also used the Fill Sinks XXL
and Flow Accumulation algorithms in SAGA GIS
and observed an extreme reduction in processing
time and disk size. In another study, Metz et al.
(2011), using different algorithms, also reported a
significant reduction in processing time for coarser
resolutions.
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seconds for resolutions of 10, 30, and 100 meters.
When analyzing the reduction in time in relation to
the previous resolution, it is evident that the
reduction is also significant, but to a lesser extent
compared to the reference resolution.

Figure 8 illustrates the processing time of
algorithms by spatial resolution. It is possible to
observe a significant decrease in processing time,
especially from the 1 to 2-meter resolution.
Additionally, the time for resolutions of 10, 30, and
100 meters is practically immediate. This can be
explained by the quantity of pixels to be processed
at these spatial resolutions, and thus, most of the
processing time consists of initialization elements
and fixed-time algorithm procedures, limiting a
further reduction in processing time.

w— FLL SENES XXL
FLOAWN ACCLIMULATION
s CHANMEL METWORK

10 m 30 m 100 m
Spatial resglution

Conclusions

Based on the evaluations conducted, no
significant differences were identified between the
resampling techniques. However, resampling
resulted in significant variations among the
analyzed  spatial resolutions.  Topographic
representations did not show relevant differences
between spatial resolutions, except for the 100-
meter spatial resolution meter spatial resolution.

DTM resampling led to confluence
displacement, distancing from the reference
drainage network, and a loss of the ability to
represent meanders. These effects can lead to errors
in generating other information layers, such as
flood area estimation, sediment transport, or
intersection with other types of data

Watershed delineation did not show
significant information loss as the spatial resolution
degraded. In terms of computational cost, a
substantial reduction in processing time and disk
storage space was identified due to DTM
resampling.
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Figure 9. Reduction by spatial resolution of disk storage space and processing time for the Fill Sinks XXL,
Flow Accumulation, and Channel Network algorithms in relation to the 1-meter spatial resolution.

Finally, the 2-meter spatial resolution
yielded the best results. Therefore, this resolution
is the most suitable in case of a need for data
resampling for this study area, as it presented a
significant reduction in computational cost without
losing the representation of topographic features,
quality of the drainage network trace, and
watershed delineation.
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