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Abstract

Current flood risk models applied at national and global scales do not—or
only partially—take levees into account, resulting in inaccurate flood inundation
maps. While levees are important assets in natural hazard risk assessments, ac-
curate information in the public domain about the location and height of these
embankments is often missing. Remote sensing data—such as global digital ele-
vation models (DEMs)—contain this information, in theory. However, their low
resolution and vertical biases (caused by the canopy and infrastructure) complicate
the extraction of levees. We present a new DEM processing method to identify
and extract levees from any high-resolution DEM as continuous features, includ-
ing related attributes such as the protected area and volume. As a test case, we
use CopernicusDEM GLO-30 and local DEMs. Validation against reference data
from the United States and the Netherlands yields a recall of up to 88 % on a lo-
cal DEM and up to 51 % when applied to the 30 m resolution global DSM. The
method also identifies other water-retaining barriers such as undocumented dams.
Incorporating levees derived from these methods into flood risk models should
enable practitioners to construct more accurate (coastal) flood inundation maps
on national and global scales.

Keywords: embankment, levee, CopernicusDEM, mathematical morphology,
terrain processing, flood risk

1. Introduction

Flood-protection levees (also called embankments or dikes) are crucial as-
sets in flood risk assessments, as they can significantly influence flood extent and
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depth. Indeed, flood inundation models—especially those with coarse grid res-
olutions that exceed the width of a levee—explicitly require structures such as
levees to be included in the model (van Ormondt et al., 2025]). However, accurate
information in the public domain about the location, shape, and height (i.e., a 3D
linestring of the crest) of these levees is often missing. As such, current flood
risk models applied at national and global scales do not—or only partially—take
levees into account, often resulting in inaccurate flood inundation maps.

There are national databases detailing levees, such as the National Levee Database
(NLD) (USACE, 2024) from the US Army Corps of Engineers (USACE) in the
United States. However, these databases are often incomplete, as they rely on
local authorities to provide the information. In addition, the national databases
are not internationally standardised, making it difficult to compare levees across
countries.

Nienhuis et al.[ (2022) therefore made a global inventory of levees, unifying
public (national) datasets. While this is a great step forward—and done in a
FAIR (Wilkinson et al., [2016)) manner—it showcases how incomplete the global
coverage is, with many countries—especially in the Global South—having no
data available. A more recent initiative is the Global Levee Database Inventory
(GLDI) (Boulange et al.,[2025). Other global but generic databases, such as Open-
StreetMap, sometimes contain levees, but are not guaranteed to do so, and the
labels are not standardised (Vargas-Munoz et al., [2021).

Given this knowledge gap, several studies have implemented (semi-)automated
methods to find levees from data such as gridded DEMs. Steinfeld et al.| (2013))
compared three semi-automated segmentation and one visual interpretation method
to find levees in the Gwydir floodplain in Australia. (Czuba et al. (2015) reported
a USGS pilot study to find undocumented levees in the US using local DEMs,
identifying possible candidates using visual interpretation of a hillshade, and a
semi-automated wavelet-based (edge detection) method, after which a field sur-
vey was conducted for validation. |Wing et al.| (2019)—recognizing the need for a
fully automated method for coarser elevation models (10 m to 30 m)—developed
a model to identify DEM cells that are likely to be levees based on geomorphic
features (e.g., slope, curvature), calibrated on the NLD. These cell-candidates
are then used as the representative elevation, instead of an aggregate (mean, me-
dian), for a coarser flood inundation model. Likewise, Khanh et al. (2025)) ex-
tract levees from 10 m resolution DEMs in five countries based on geomorphic
features. Van Nieuwenhuizen et al. (2021) automatically identify and remove
(infrastructure) embankments from fine-resolution DEMs (e.g., a 1 m resolution)
by region growing from a given road or rail network based on the shape (slope)

2



This is a non-peer reviewed preprint submitted to EarthArXiv.

of the embankment. Knox et al.| (2022a)) use several machine learning methods
to identify potential levees in the US based on geomorphic, hydraulic, and land
cover features, and—Ilike [Nienhuis et al. (2022)—published the results as an open
dataset (Knox et al., 2022b)). All the above studies apply their methods to individ-
ual cells, and results are thus prone to having gaps (cell misclassification) in the
levees, thereby nullifying the purpose of the levee as a continuous flood barrier.

In this paper, we present a new terrain processing method to identify and ex-
tract potential levees as continuous features (objects) from any high-resolution
DEM. Our approach builds on [Wood et al.| (2018)), who used radar-based flood
extent maps and combined them with local gauge information to detect levees.
If the gauge showed a large range of water levels, while the flood extent stayed
the same, a levee was likely to be present. This method is somewhat similar to
how practitioners would visually recognise leveed areas (and thus levees) in an
elevation (contour) map (Ehlschlaeger, 1989)).

We apply our generic method to the CopernicusDEM GLO-30 dataset (Eu-
ropean Space Agency and Airbus, 2022) and local elevation models to identify
levees, and validate the results with reference data from the United States and the
Netherlands. Flood risk models that incorporate levees derived from these meth-
ods should enable more accurate (coastal) flood inundation maps on national and
global scales.

2. Material and methods

2.1. Concepts and method

Following the train of thought of visual recognition—translating flood extents
as leveed areas into an algorithm—we can artificially inundate the DEM at dis-
crete, increasing water levels. Astute readers will recognise that this procedure
is similar to (earlier) depression filling or watershed delineation algorithms, such
as those of |Beucher and Meyer (1992) and Bleau and Leon (2000). We therefore
note that (artificial) flood extents outline depressions in the landscape; these de-
pressions can be created by barriers such as levees (Insight[I]), with the spill point
being the lowest point on the levee crest. Potential leveed areas (and therefore
levees) can thus be identified by finding depressions in the DEM (Implication [I)).

Insight 1. The area protected by a levee forms a depression in the landscape,
with the spill point as the lowest point of the levee crest.

Implication 1. Leveed areas (and thus the levee) can be found by identifying de-
pressions in a digital elevation model.
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Insight 2. The levee crest is part of the watershed boundary, with the spill point
of the depression as the watershed outlet.

’ watershed boundary watershed boundary
depression

spill point

spill point

levee

Figure 1: A schematisation of the method. Given an elevation model—represented as elevation
cells here—a modified Priority-Flood algorithm is used to identify depressions and their spill
points. From there, the watershed boundary with the spill point as its outlet is determined, of
which the levee is part of.

Given a depression with a levee, the levee crest is part of the watershed bound-
ary with the spill point as the outlet of the watershed (Insight[2). This is illustrated
spatially in Figure|]

These potential levee crests (watershed boundaries) resulting from this method
are circular and range from small ponds to large valleys. While (nested) circular
(ring) levees exist—most notably in polder systems—most levees are non-circular
features, and we thus need to reduce the watershed boundary to the actual levee
crest. In addition, filtering is required to exclude natural depressions in the land-
scape (e.g., salt flats) that are not leveed areas.

By analysing groups of cells (e.g., a depression or watershed) instead of indi-
vidual cells, we can identify levees as continuous features. This also allows us to
derive related attributes, such as depression volume, average depth, and perimeter
length, that are unavailable to cell-based methods. These attributes can then be
used to filter the potential levees based on local knowledge (e.g., minimum leveed
area size).

We adapted the Priority-Flood algorithm (Barnes et al., [2014) to efficiently
compute depressions, flow directions, and related attributes in the same pass. In-
spired by the earlier work of Wu et al| (2019), we further adapted the Priority-
Flood algorithm to compute nested depressions, as levees can be nested (e.g., in
polder systems). The pseudo-code is given in Supplementary Material 1. The fi-
nal algorithm classifies DEM cells as potential levees for each depression in the
DEM, while tracking group attributes. For distribution, we vectorise the classified
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levee cells, and save the resulting linestrings with their attributes in the GeoPack-
age file format. We have written the above procedures in the Julia programming
language (Bezanson et al., 2017), using the Geomorphometry.jl (Pronk, |2026b)
and Rasters.jl packages, and have made it available as an open-source (GPL 3.0 li-
censed) package on GitHub (https://github.com/evetion/Breach. j1) (Pronk,
2026a). The repository also contains the dataset samples presented in this paper.

2.2. Datasets

Elevation data

We apply our method to airborne lidar-derived digital elevation models in two
test areas with a high levee density: the Mississippi River Delta in the US (where
the term levee originated (Winsor, [1895)) and the Netherlands (where there are
22 000 km of levees). For the US, we use the National Elevation Database (NED) (United
States Geological Survey, 2021)) at 10 m resolution—distributed via OpenTopography—
while for the Netherlands we use the national Dutch Elevation Model (AHN4, |[Het
Waterschapshuis| (2022))) at 5Sm resolution. Given the need for a global levee
dataset, we also apply our method to the latest global DEM, specifically the Coper-
nicusDEM GLO-30 dataset for the same areas, provided under COPERNICUS by
the European Union and ESA (European Space Agency and Airbus, 2022)). The
dataset is distributed in tiles of 1 degree by 1 degree, with a spatial resolution of
one arcsecond (~30 m at the equator).

Reference data

To validate the method, detected levees are compared with reference data from
the United States and the Netherlands. Specifically, we rasterise the linestrings
from the Alignment Lines layer from the National Levee Database (NLD) (US-
ACE, 2024) for the US and the current levees from the cultural heritage levee
dataset (RCE dijkenkaart) (Rijksdienst voor het Cultureel Erfgoed, 2021)) of the
Netherlands, onto the DEMs. We rasterise lines to all cells they touch (single-cell
width) and assume that they represent the levee crest.

2.3. Metrics

To investigate the performance of our method, we compute levees in two dif-
ferent areas (in the US and the Netherlands as mentioned above), with different
DEM sources (global and local) and resolutions (10 m to 15 m and 30 m). Higher
resolutions (e.g., S m) also work well with the method, but are not used here due
to the computational cost at the scale of the validation areas.
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Because custom filtering is required to (a) exclude natural depressions, and (b)
find the part of the circular watershed boundary that is levee (see Figure [I)), we
compute three variants: (1) the full watershed boundary without filters (full vari-
ant) as a baseline, (2) these watersheds filtered on a minimum depression volume
of 50000 m? (filtered variant, to account for a), and (3) the part of the filtered wa-
tershed boundaries vertically within 3 m of the spill point height (partial variant, to
account for a and b). For each combination, we compare the detected levees with
the rasterised reference data using confusion matrix metrics: precision, recall, and
F score (Fawcett, [2006). Note that we do not report true negative rate (related)
metrics, as the number of real negatives (all cells without levees) far exceeds the
number of levee cells.

3. Results

3.1. Validation

When applied to the validation areas in the US and the Netherlands, our
method is able to identify the majority of levees, even when applied to the 30 m
DSM (Table[I)). A spatial subset (an area that was subject to a major storm surge in
1953, which led to the Dutch Delta Works (Deltacommissie, (1954)) of the results
for the Netherlands is shown in Figure [2, while a subset for the US is provided as
Supplementary Material 2. Going from a 30 m DSM to a 15 m DTM for the full
variant increases the recall from 50% to 62% in the Netherlands, and from 37% to
80% in the US. The metrics for the 30 m DTM are slightly better than the 15 m or
10m DTM in both the Netherlands (0.68 and 0.62 recall for the full variant) and
the US (0.88 and 0.80 recall for the full variant).

Applying a minimum volume filter of 50 000 m? (filtered variant) increases the
overall precision (0.05 to 0.11 for the NL 30 m DTM) and F'; score slightly (0.10
to 0.18 for the NL 30 m DTM), but at the cost of recall (0.88 to 0.77 for the US
30 m DTM). Filtering out the levee from the watershed boundary using a vertical
3 m tolerance around the spill point (partial variant) decreases all metrics, and
decreases precision considerably (0.57 to 0.40 for the NL 15 m DTM), indicating
an increase in false negatives.

The precision and F; score are low across datasets and variants, indicating
many false positives. Indeed—especially in the DSM (see Figure [2)—many de-
pressions in the landscape are detected as leveed areas.
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Figure 2: Validation of the levee detection method—using the full (complete watershed) results—
in an example area around Zuid-Beveland in the Netherlands using (a) CopernicusDEM GLO-30
DSM, (b) airborne lidar-derived DTM at 30 m resolution, and (c) airborne lidar-derived DTM
at 15m resolution. The light blue cells are the detected levees (false positive), while the green
cells are the reference data (false negative). The orange cells are the intersection of the two (true
positive). Even at a 30 m resolution DSM, half of the levees are correctly identified, with higher
precision at higher resolution DTMs.
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Full Filtered Partial
Area Res Src N P R F; P R F; P R F;

NL 30m DSM 525757|0.02 0.51 0.04|0.03 0.28 0.05|0.03 0.06 0.04
NL 30m DTM 525757|0.05 0.68 0.10]|0.11 0.56 0.18|0.11 0.40 0.17
NL 15Sm* DTM 1379283 |0.08 0.62 0.12|0.09 0.57 0.16]0.09 0.40 0.15

US 30m DSM 120450| 0.0 0.37 0.01| 0.0 0.25 0.02|0.01 0.07 0.01
US 30m DTM 120450|0.01 0.88 0.03|0.04 0.77 0.08|0.02 0.33 0.04
US 10m* DTM 362035|0.01 0.80 0.02|0.06 0.71 0.12|0.03 0.16 0.04

Table 1: Validation statistics for the Netherlands (NL) and the Mississippi River Delta (US), for
both local airborne lidar DTMs (30 and 10 m resolution (Res)) and the global CopernicusDEM
DSM (30 m). The number of true levee cells (N) is given, and precision (P), recall (R), and F; are
reported for three levels of filtering: full (complete circular watershed boundary), filtered (water-
shed boundary with a minimum depression volume of 50 000 m?), and partial (filtered watershed
vertically within 3 m of the spill point height). * We allow cells within 1 cell of the reference data
to be classified as true positives as well, to account for the geolocation uncertainty of the reference
data.

4. Discussion

4.1. Filtering

The high recall of the full variants across different DEMs demonstrates the
validity of our approach to identify levees from depressions in the landscape. Fur-
thermore, the filtered variant shows the potential of using derived feature attributes
unique to the method (such as depression volume) to filter out false positives.
However, the partial variant filter is not sufficient to identify the levee crest, as
many levees have a higher elevation difference between the spill point and the
rest of the levee crest. More traditional filters based on geomorphic features (e.g.,
slope, curvature, as used in (Wing et al., |2019; Khanh et al., 2025; Knox et al.,
2022a)) could be applied to derive the levee crest instead, with the added benefit of
only needing to be computed for the watershed boundary instead of the full DEM.
Users can filter potential levees—using the GeoPackage output interactively in
a GIS or programmatically—based on their local knowledge, or from additional
data sources, such as satellite imagery. Nonetheless, like |Knox et al.|(2022a), we
would also argue that the reference datasets are incomplete (especially the case of
the NLD), and that many of our false positives are in fact real levees that are not
in the reference data (also see section 4.3)).
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4.2. Limitations

The quality and composition of the elevation and reference data imposes lim-
itations on the accuracy of the method. For example, when applied to a global
elevation model such as CopernicusDEM that represents the surface of the Earth
(and not the bare Earth, thus including vegetation and buildings), it cannot detect
levees that are covered by vegetation, and the method is prone to misclassifying
urban or vegetation-covered areas as levees. Likewise, because a DEM provides
only a 2.5D representation, non-water-retaining structures—such as bridges or
embankments with culverts—may be incorrectly classified as levees. While the
rasterisation of the reference (linestring) data makes a comparison possible, it
introduces new biases (Fisher, [ 1997)) depending on the rasterisation method and
resolution. Indeed, Figure 2] shows false positive and negative cells neighbouring
the reference data, indicating the results can be better in practice than the metrics
suggest.

Finally, the method assumes that water levels are perfectly horizontal, which
is not the case in reality. Especially for levees along large stretches of river, the
river slope can cause misidentification of levees due to the spill point being too
far downstream (i.e., at the lowest elevation instead of at the lowest height above
the water surface). Future work could investigate using normalised or relative
elevation models, such as height above the nearest drainage (HAND) (Nobre et al.,
2011)), to account for this.

4.3. Other applications

When applied in test areas around the globe (without reference datasets), we
notice that our method is not limited to levees, but can also identify other water-
retaining barriers (whether they keep water in or out) such as infrastructure em-
bankments (e.g., highways, railways) and dams. For example, we were able to
identify two dams that recently collapsed, causing catastrophic flooding in Libya
in September 2023 (Figure [3p) and Sudan in August 2024 (Figure [3pb), respec-
tively. These dams are not present in the Global Dam Watch (GDW) dataset (Lehner
et al., [2024), but were identified by our method, presumably because these dams
do not normally impound a (permanent) reservoir and are thus difficult to detect
from satellite imagery.
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Figure 3: Identification of several earthen dams: (a) the Abu Mansour dam in Libya, which col-
lapsed on 10 September 2023, (b) the Arbaat dam in Sudan, which collapsed on 24 August 2024.
Both were not present in the Global Dam Watch database (Lehner et all, [2024). The depression
is the blue polygon, the watershed is the green line, whereas the dam is an orange line. The spill
point is marked as a dot, and the background is greyscale Google Maps satellite imagery (©2025
Google).
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Appendix A. Supplementary material 1

We provide the pseudo-code of the adapted Priority-Flood algorithm in Algo-
rithm[I] The Julia code is available in the GitHub repository (https://github.|
‘com/evetion/Breach. j1) (Pronk, 20264).

Appendix B. Supplementary material 2

A spatial subset of the results for the US around New Orleans is shown in

Figure B.4]
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Algorithm 1 Adapted Improved Priority-Flood: This algorithm adapts the Im-
proved Priority-Flood algorithm (Barnes et al., 2014, Algorithm 2) to identify
nested depressions and their spill points, and track group attributes in the same
pass. It does so by converting the Pit plain queue in the original to a Priori-
tyQueue, and using it for each depression. The use of a priority queue guarantees
a descent into the depression, and any descent from a previous ascending cell is a
new (nested) depression. Comments indicate changes from the original.

Require: DEM
1: Let Open be a priority queue

Let Pit be a priority queue >

Let Closed have the same dimensions as DEM

Let Closed be initialized to false

Let Labels have the same dimensions as DEM

Let Labels be initialized to 0

Let Breach have the same dimensions as DEM

Let Breach be initialized to false

label « O

for all c on the edges of DEM do
Push c onto Open with priority DEM(c)
Closed(c) « true

: end for

: while either Open or Pit is not empty do

if Pit is not empty then

16: ¢ « pop(Pit)

17: else

18: ¢ « pop(Open)

19: end if

20: for all neighbors n of ¢ do

21: if Closed(n) then repeat loop

22: end if

23: Closed(n) « true

vV vV VvV V

R A

—_— = = = =
El N T

—_
9]

11



This is a non-peer reviewed preprint submitted to EarthArXiv.

24
25:
26:
27:
28:
29:
30:
31:
32:
33:
then
34:
35:
36:
37:
38:
39:
40:
41:
42:
43:
44
45:
46:
47:
48:
49:
50:
51:
52:

if DEM(n) < DEM(c) then

if Labels(c) = 0 A = Breach(c) then > Begin of modification
register(label) > Stores minimum, parent and spill height
Breach(c) « true
Labels(n) « label
label +=1

else if Breach(c) then
Labels(n) « label — 1

else
if (DEM(c) > minimum][Labels(c)]) A (DEM(n) < DEM(c))

register(label) > Stores minimum, parent and spill height
Breach(c) « true
Labels(n) « label
label +=1
else if DEM(n) < DEM(c) then
Labels(n) « Labels(c)
else if DEM(n) > spillheight[Labels(c)] then
Labels(n) « parent[Labels(c)]
else
Labels(n) « Labels(c)
end if
end if > End of modification
DEM(n) « DEM(c)
Push n onto Pit

else
Push n onto Open with priority DEM (n)
end if
end for
update(label) > Updates minimum with current cell

53: end while
54: finalize(labels) > Propagate minimum to parent cells

12
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Figure B.4: Validation of the levee detection method—using the full (complete watershed)
results—in an example area in New Orleans in the United States using (a) CopernicusDEM GLO-
30 DSM, (b) airborne lidar-derived DTM at 30 m resolution, and (c) airborne lidar-derived DTM
at 15 m resolution. The light blue cells are the detected levees (false positive), while the green
cells are the reference data (false negative). The orange cells are the intersection of the two (true
positive).
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