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Abstract. Accurately distinguishing flooded from non-
flooded pixels in complex urban environments remains chal-
lenging due to spectral confusion in optical data. This study
aims to reduce false alarms in urban flood detection by
proposing the Enhanced Normalized Difference Water In-
dex (ENDWI), a novel enhancement of NDWI formulated
as NDWI divided by the green band, to suppress urban noise
and evaluate its performance against seven established wa-
ter indices. In addition, owing to the extremely narrow dy-
namic range of raw ENDWI values, a novel Zero-Preserving
Split Normalization (Z-Split) technique is introduced to pre-
pare ENDWI for reliable Otsu thresholding and applied ex-
clusively to this index within this study. Z-Split expands
the ENDWI histogram while strictly preserving the zero
value. The approach was applied to a flash flood event in
Al-Lith Governorate, a coastal urban area along the Red
Sea in Saudi Arabia, selected as the case study because of
its recurrent vulnerability to intense rainfall and rapid-onset
flooding. Sentinel-2 imagery acquired 2 d after the event
served as the core methodology for this study. Validation was
performed using WorldView-4 high-resolution imagery ob-
tained within 2 d of the event, based on 1262 ground-truth
points (559 flooded and 703 non-flooded) generated within
polygons to ensure consistency with the Sentinel-2 spatial
resolution. Analysis of the raw indices revealed that the Au-
tomated Water Extraction Index for shadows (AWEIsh_raw)
achieved the highest area under the receiver operating char-
acteristic (ROC) curve (AUC = 0.908), followed by the Nor-
malized Difference Water Index (NDWI_raw) (0.671) and
ENDWI_raw (0.636), positioning ENDWI among the top
three performers out of eight evaluated indices. Following
Otsu thresholding, ENDWI_otsu achieved the highest pre-
cision (79.41 %), and the lowest false alarm rate (10.95 %)

among all individual indices. A novel hybrid maximum fu-
sion of ENDWI_raw and AWEIsh_raw further enhanced re-
sults, attaining an overall accuracy of 82.65 %, precision
of 94.50 %, F1-score of 76.73 %, and Kappa coefficient of
0.637 after thresholding, with only 21 false positives (false
alarm rate= 2.99 %). Overall, ENDWI exhibited robust and
consistent performance across individual applications, post-
thresholding, and hybrid fusion with AWEIsh, establishing it
as a reliable and effective tool for accurate urban flood map-
ping.

1 Introduction

Flooding is defined by the National Oceanic and Atmo-
spheric Administration (NOAA) as the overflow of water
onto land that is normally dry (NOAA, 2025). It impacts
more people than any other natural hazard and typically oc-
curs due to heavy or prolonged rainfall that overwhelms the
soil’s absorption capacity as well as the capacities of rivers,
streams, and coastal areas. Floods can result from thunder-
storms, tropical cyclones, monsoons, snowmelt, or dam fail-
ures (NOAA, 2025). The most common types include flash
floods, coastal floods, and river floods. Flash floods in urban
environments are hazardous, especially at night (Ready.gov,
2025). Urban flooding is a significant natural hazard trig-
gered by short-term heavy rainstorms or prolonged peri-
ods of continuous precipitation that exceed drainage capac-
ity (Wang et al., 2022). It resulted in the loss of 6.8 mil-
lion human lives globally in the 20th century, and a recent
study indicated that floods affected 2.3 billion people be-
tween 1995 and 2015 (Singha et al., 2020). Between 1980
and 2009, floods resulted in 539 811 deaths (range: 510 941
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to 568 680), 361 974 injuries, and affected over 2.8 bil-
lion people, marking floods as the deadliest natural disaster
(Doocy et al., 2013). The effects of urban flooding extend be-
yond immediate disaster impacts, disrupting daily life, dam-
aging infrastructure, harming economies, and causing loss
of life (US EPA, 2025). Economically, between 1970 and
2020, urban floods caused an average of USD 25.5 billion
in damages, encompassing both insured and uninsured losses
(Kundzewicz et al., 2014). With climate change driving more
extreme weather and cities continuing to grow rapidly, the
frequency and severity of urban flooding are expected to in-
crease, creating even greater risks for communities in the fu-
ture (Hirabayashi et al., 2013). These situations, involving
human and economic losses, are likely to escalate, prompting
organizations and governments to develop rapid and effective
urban management plans. Such plans should aim to reduce
risks in flood-prone areas, address and respond to rapidly
emerging hotspots in near real-time, and assess damage.

Remote sensing instruments can determine the extent of
flooded areas in both open and complex environments by
utilizing their spectral wavelength ranges. Historically, the
first Landsat-1 images were used during the 1973 floods on
the Mississippi River, USA, demonstrating the potential of
satellites for large-scale flood mapping (Schumann, 2024).
Since then, multispectral data have been widely employed for
flood observation, damage assessment, and mapping (Alber-
tini et al., 2022). Various methods for water segmentation and
flooded area mapping using multispectral satellite images
have been documented in the literature. McFeeters (1996)
proposed the Normalized Difference Water Index (NDWI),
a widely applicable index that uses green and near-infrared
(NIR) bands to distinguish between land and water bodies
(McFeeters, 1996). In a study by Özelkan (2020), NDWI was
applied using Landsat-8 OLI data in the Athisar Dam Lake
area of Çanakkale, Turkey, to analyze the efficiency of three
NDWI models in detecting water bodies and to compare their
accuracies at 15 and 30 m resolutions. The study found that
NDWI was the most accurate in distinguishing water bod-
ies, with data at 15 m resolution yielding better results than
those at 30 m resolution (Özelkan, 2020). Ten years after
McFeeters (1996) proposed NDWI, the Modified Normal-
ized Difference Water Index (MNDWI) was developed by
Xu (2006) to improve the extraction of flooded areas in com-
plex environments. Albertini et al. (2022) tested MNDWI
in various global flood-prone areas (e.g., urban, agricultural,
and coastal) using Landsat and Sentinel-2 sensors with spa-
tial resolutions of approximately 10–30 m for medium- and
high-resolution imagery. Their findings highlight MNDWI’s
superior performance over NDWI for flood mapping, achiev-
ing high overall accuracies (OA up to 97 %) by better rec-
ognizing mixed pixels, turbid water, and algae/vegetation.
MNDWI excelled in agricultural (crops), forested, and artifi-
cial/urban surface contexts, with median OA values higher
than NDWI across categories and reduced errors in shad-
ows or built-up areas (Albertini et al., 2022). Similarly, the

Automated Water Extraction Index (AWEI), developed by
Feyisa et al. (2014), offers two variants: Automated Water
Extraction Index without shadow consideration (AWEInsh),
and with shadow consideration (AWEIsh). Nonetheless, sub-
sequent studies primarily employed threshold techniques to
separate water from non-water pixels when using these in-
dices (Jiang et al., 2020; Tan et al., 2023)

Synthetic Aperture Radar (SAR) is widely used for flood
mapping because it can operate under all weather conditions
and at any time of day. However, urban areas present signif-
icant challenges, including complex building-induced scat-
tering (such as double- or triple-bounce effects), geometric
distortions, and similar backscatter signatures between wa-
ter and dry surfaces (Amitrano et al., 2024). Conversely,
multispectral optical datasets are particularly effective under
cloud-free conditions, provided this criterion is met.

Over the past 5 years, deep learning approaches have been
employed to precisely extract boundaries between flooded
and non-flooded areas. For example, the study by Bersabe
and Jun (2025) utilized spatial data layers from geographi-
cal information systems (GIS) datasets representing various
flood conditioning factors, such as topography, land use/land
cover, soil type, drainage, and hydrological and urban in-
frastructure data. These data were analyzed on a 30 m grid
using machine learning models, including Logistic Regres-
sion, Random Forest, and Support Vector Machines (SVMs),
to predict urban pluvial flood susceptibility in Seoul, South
Korea. The results emphasized the crucial role of drainage
factors in urban flood susceptibility, advancing the under-
standing of pluvial flood dynamics. These findings support
comprehensive flood risk mapping to guide planning, insur-
ance, and evacuation strategies. In another example, State-
czny et al. (2023) applied a novel deep hybrid model for flood
prediction (DHMFP) with a combined Harris Hawks Shuf-
fled Shepherd Optimization (CHHSSO)-based training algo-
rithm, using satellite images with spatial resolutions rang-
ing from 10 to 30 m in Kerala, India – an urban region af-
fected by drainage issues during the 2018 floods. The results
showed sensitivity of 93.48 %, specificity of 98.29 %, accu-
racy of 94.98 %, false negative rate of 0.02 %, and false pos-
itive rate of 0.02 %. The proposed DHMFP–CHHSSO out-
performed baseline models in sensitivity (0.932), specificity
(0.977), accuracy (0.952), false negative rate (0.0858), and
false positive rate (0.036). Although the promising results of
using deep learning in urban flood studies are evident, chal-
lenges remain, including high computational requirements,
the need for labeled training datasets to address urban com-
plexities, and the time-intensive nature of processing phases.

In summary, multispectral remote sensing data offers a
practical and effective solution for applications such as rapid
disaster response, damage assessment, and long-term ur-
ban planning and management. The proposed enhancement
builds upon the widely used NDWI by incorporating a cali-
bration step that divides by the green band, thereby improv-
ing the differentiation of water from urban features. This
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modification is particularly advantageous because most satel-
lite sensors and low-flying unmanned aerial vehicles (UAVs)
platforms operating beneath cloud cover routinely acquire
red, green, blue, and NIR bands, while short-wave infrared
(SWIR) bands – required by several existing indices – are
less commonly available and more costly. Therefore, this ap-
proach remains accessible and practical for end-users.

To address these limitations, the present study introduces
the Enhanced Normalized Difference Water Index (ENDWI),
systematically evaluates its performance against seven estab-
lished water indices using Sentinel-2 imagery from a flash
flood event, and validates the results with high-resolution ref-
erence data derived from WorldView-4. Additionally, a novel
hybrid fusion method is proposed to further reduce false pos-
itives. The remainder of this paper is organized as follows:
Sect. 2 describes the study area and data; Sect. 3 presents the
methodology; Sect. 4 reports the results; Sect. 5 discusses
the findings and their implications; and Sect. 6 concludes the
paper and outlines directions for future research.

2 Study Area and Satellite Data Used

Al-Lith Governorate, situated along the Red Sea coast in
western Saudi Arabia (Fig. 1a, b), was selected as the case
study area to evaluate the proposed ENDWI and hybrid max
fusion approach. This region features a typical arid land-
scape, with steep wadis draining from the eastern highlands
toward lowland urban settlements, creating a setting particu-
larly vulnerable to flash flooding during rare but intense rain-
fall events (Elsebaie et al., 2023). The urban fabric of Al-
Lith comprises a mix of residential buildings, paved roads,
open spaces, scattered agricultural patches, and bare soil ar-
eas, land covers that often complicate optical flood detection
due to spectral similarities among water, shadows, and built-
up surfaces.

On 23 November 2018, heavy rainfall in the upstream
catchment of Wadi Al-Lith triggered the partial breach of an
earthen retaining dam (Ministry of Interior – General Direc-
torate of Civil Defense, 2018), releasing a surge of floodwa-
ter that reached the downstream urban areas of Al-Lith Gov-
ernorate within approximately four hours, marking the initial
peak of the flash flood event. The flooding continued to esca-
late over the following hours, submerging roadways, vacant
lots, and low-lying areas, with the crest extending into the
early morning of 24 November and causing widespread wa-
ter pooling and soil saturation. On 25 November, additional
heavy precipitation prolonged the inundation, sustaining wa-
ter levels above 1.7 m in several urban sectors. Satellite im-
agery acquired four to 5 d later effectively captured these se-
quential flood impacts, including stagnant water accumula-
tions in urban depressions, sediment-clogged drainage chan-
nels, and saturated soils, highlighting the event’s progressive
effects on infrastructure and the built environment (Fig. 1b,
c).

To analyze the flood conditions, we employed comple-
mentary multispectral imagery from two satellite sources
(Table 1). The high-resolution WorldView-4 data, with mul-
tispectral bands pan-sharpened to approximately 0.31 m and
acquired on 27 November 2018, provided detailed insights
into localized inundation patterns and structural damage.
This was supplemented by Sentinel-2 imagery at 10 m res-
olution in the visible and NIR bands, captured on 28 Novem-
ber 2018, which offered broader contextual coverage under
clear atmospheric conditions. Both were obtained four to 5 d
after the initial dam breach on 23 November, with the main
flood peak extending into the early hours of 24 November,
as detailed in the Local Civil Defense report (Ministry of In-
terior – General Directorate of Civil Defense, 2018). These
datasets also recorded the continued effects of subsequent
rainfall and ongoing submersion on 25 November (Table 1),
during which elevated water levels remained prominent in
Al-Lith’s urban areas (Fig. 2) (Elkarim, 2020). By retain-
ing visible signatures of residual surface water and moist-
ened terrain, these images provided an ideal resource for
evaluating the performance of the proposed new spectral wa-
ter index, along with eight spectral water indices used in
this study, including the proposed ENDWI and the following
seven: (NDWI, MNDWI, AWEIsh, AWEInsh, WI, LSWI,
and SWI). Detailed descriptions and equations for all indices
are provided in the Methodology section.

3 Methodology

3.1 Data Pre-processing and Validation Point
Generation

The Sentinel-2 imagery used in this study was a Level-
2A product, providing atmospherically corrected surface re-
flectance data processed by the European Space Agency
(ESA). The WorldView-4 image was acquired as an ortho-
ready product, with radiometric and basic geometric correc-
tions already applied by the provider (King Abdulaziz City
for Science and Technology, 2018).

Both datasets were previously reprojected using ArcGIS
Pro to the same projected coordinate system: World Geodetic
System (WGS) 1984/Universal Transverse Mercator (UTM)
Zone 37N. To ensure greater accuracy, overlay consistency
was evaluated through a careful, manual, swipe-based visual
inspection, during which the Sentinel-2 image was swiped
over the WorldView-4 image at comparable zoom levels to
verify geometric alignment (Samela et al., 2022). This as-
sessment relied on stable, high-contrast features, including
major road intersections, building outlines, and the distinc-
tive Red Sea coastline. The method proved fully sufficient,
delivering the required spatial correspondence for reliable
water index calculation, flood extent extraction, and valida-
tion against ground reference points.

The process began with the manual digitization of
polygons to delineate clearly identifiable flooded zones
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Figure 1. Overview of the study area along the Red Sea coast, Saudi Arabia. (a) Location map with the study area marked by a red box. (b)
High-resolution WorldView-4 image (0.31 m) of the study area, acquired on 27 November 2018. (c) Sentinel-2 image (10 m) acquired on 28
November 2018. (d) Distribution of ground reference points overlaid on the WorldView-4 image (yellow: non-flooded; blue: flooded; total
of 1262 points).

Table 1. Characteristics of the flood event and remotely sensed datasets employed.

Dataset Acquisition Date Spatial Purpose
Resolution

Flash Flood Event (peak
inundation)

23–24 November 2018 – Event reference timing: intense rainfall and partial
dam breach (Ministry of Interior – General
Directorate of Civil Defense, 2018).

Flash Flood effects (continued
inundation/effects)

25 November 2018 – Continued heavy rainfall and flood flow affected
(Elsebaie et al., 2023; Ministry of Interior –
General Directorate of Civil Defense, 2018).

WorldView-4 27 November 2018 0.31 m Generation of ground reference points (validation)

Sentinel-2 28 November 2018 10 m Methodology for calculations and evaluations
employed in this study
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Figure 2. Floods in Al-Lith Governorate on 25 November 2018
(Elsebaie et al., 2023).

(e.g., standing water in streets, low-lying residential areas,
muddy ground, drainage channels, and inundated vegetation
patches) and non-flooded zones (e.g., dry roads, building
rooftops, and elevated ground). Polygons within the same
class were then merged using the Dissolve tool to remove
fragmentation and produce larger contiguous areas.

A 10 m inward buffer was applied to the merged polygons
to eliminate edge pixels potentially affected by mixed spec-
tral signatures or minor geometric offsets.

Finally, stratified random points were automatically gen-
erated within the buffered polygons using ArcGIS Pro. To
ensure balanced representation between the two classes and
adequate spatial distribution across the study area, a total of
1262 reference points were produced (559 flooded and 703
non-flooded, Fig. 1d), providing a suitable dataset for the ac-
curacy assessment of the water indices.

3.2 Spectral Indices Calculation

To assess the effectiveness of water indices in detecting
urban floods, with a particular focus on quantifying false
alarm rates due to spectral confusion with built-up structures,
this study computed eight indices, including the newly pro-
posed ENDWI, using Sentinel-2 Level-2A imagery to gen-
erate flood maps. Sentinel-2 was selected for its 10 m spatial
resolution in visible and NIR bands, as well as its atmospher-
ically corrected surface reflectance data, which enable reli-
able index application and comparative evaluation in com-
plex urban settings.

Validation was conducted using 1262 ground reference
points – 559 representing flooded areas and 703 repre-

senting non-flooded areas – derived from high-resolution
WorldView-4 imagery (0.31 m resolution) through a semi-
automated process that combined manual polygon delin-
eation with stratified random point generation. This approach
allowed precise control over class representation and spa-
tial distribution within the urban landscape, while leverag-
ing the detailed visual interpretability afforded by the very
high-resolution imagery. The resulting substantial sample
size (n= 1262), concentrated within a compact study area
of approximately 3.4 km× 5.3 km (≈ 18 km2), yielded an ex-
ceptionally high validation density, thereby enhancing the ro-
bustness and confidence of the reported results.

Preliminary experiments with various band combinations,
conducted through iterative trial and error, showed that raw
ENDWI maps offered improved separation of inundated
zones and reduced interference from impervious surfaces and
shadows. These initial visual findings, observed during the
analysis of the November 2018 flash flood event in Al-Lith,
directly informed the selection of established indices for sys-
tematic comparison and the development of the ENDWI in-
dex itself.

The classic NDWI, proposed by McFeeters (1996), is de-
fined as shown in Eq. (1):

NDWI=
Green−NIR
Green+NIR

(1)

where Green corresponds to Sentinel-2 Band 3 (B3) and NIR
to Band 8 (B8). While NDWI effectively delineates open wa-
ter by exploiting the strong NIR absorption and green re-
flectance of water surfaces, its primary limitation in urban
environments is the spectral similarity between water and
built-up land in these two bands, as both reflect green light
more than NIR, causing NDWI to produce false positive val-
ues over impervious surfaces (Xu, 2006; McFeeters, 1996).
This spectral confusion is the primary source of false alarms
in optical urban flood detection. Motivated by the observed
potential of the green band to further suppress urban noise
– given its comparatively higher reflectance over impervious
surfaces such as rooftops and asphalt relative to flooded pix-
els – the ENDWI, proposed in this study as an enhancement
of the NDWI, is formulated as shown in Eq. (2):

ENDWI=
NDWI
Green

(2)

Leveraging the previous understanding of NDWI perfor-
mance in flood mapping, the spectral rationale for ENDWI’s
false alarm reduction lies in the differential ratio between
NDWI and the Green band across surface types. While both
water and built-up surfaces exhibit similar green band re-
flectance, as they reflect green light more than NIR (Xu,
2006; McFeeters, 1996), their NDWI values differ substan-
tially due to water’s strong NIR absorption. Water bodies, by
strongly absorbing NIR radiation, produce markedly higher
NDWI values, whereas built-up surfaces such as rooftops and
asphalt – which reflect both green and NIR energy – yield
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comparatively lower NDWI values. When NDWI is divided
by the green band, this fundamental difference in NIR ab-
sorption behaviour between surface types becomes the driv-
ing force of the suppression. Consequently, water pixels re-
tain proportionally greater index values, while non-water ur-
ban surfaces experience a stronger attenuation effect. This se-
lective suppression mechanism drives ENDWI’s ability to re-
duce false alarms in complex built-up environments. To com-
plete the comparative framework, the remaining six indices
are described below. The MNDWI, modified from the NDWI
by Xu (2006), is defined as shown in Eq. (3):

MNDWI=
Green−SWIR
Green+SWIR

(3)

where SWIR corresponds to Sentinel-2 Band 11 (B11).
The AWEInsh, proposed by Feyisa et al. (2014), is defined

as shown in Eq. (4):

AWEInsh=Blue+ 2.5×Green

− 1.5× (NIR+SWIR1)− 0.25×SWIR2 (4)

The AWEIsh, proposed by Feyisa et al. (2014), is defined as
shown in Eq. (5):

AWEIsh=4× (Green−SWIR1)

− (0.25×NIR+ 2.75×SWIR2) (5)

The Water Index (WI), proposed by Penuelas et al. (1997), is
defined as shown in Eq. (6):

WI=
Green+Red
NIR+SWIR

(6)

The Sentinel Water Index (SWI), introduced by Jiang et al.
(2020), is expressed in Eq. (7):

SWI=
Green−SWIR1
Green+SWIR1

(7)

The Land Surface Water Index (LSWI), developed by Xiao
et al. (2002), is given in Eq. (8):

LSWI=
NIR−SWIR
NIR+SWIR

(8)

All indices were calculated per pixel using raster operations
in GIS software, yielding raw index maps for initial visual
analysis as shown in Fig. 3. While all raw index maps ex-
hibited visually discriminable patterns of flooded and non-
flooded areas, the binary classification of ENDWI via Otsu
thresholding required an additional preprocessing stage due
to its near-zero value clustering, as described in the following
section.

3.3 Zero-Preserving Split Normalization (Z-Split)

Most raw spectral indices derived from optical satellite data
are inherently bipolar, typically yielding values within the

range of [−1,+1]. This was consistent with the indices eval-
uated in this study; for instance, NDWI ranged from −0.523
to +0.322 and MNDWI from −0.493 to +0.326 in the study
area, with the remaining indices similarly distributed within
this bipolar range. ENDWI, however, represents a notable
exception: its raw values exhibited an extremely narrow dy-
namic range concentrated near zero, spanning approximately
−0.000412 to +0.000150 – a compression exceeding three
orders of magnitude. This is a direct consequence of the
green band division, which collapses the resulting quotient
toward zero regardless of surface type. Despite this extreme
compression, the relative contrast between flooded and non-
flooded pixels is preserved – a reflection of the differential
NIR absorption described above – making flooded areas vi-
sually discriminable in the raw ENDWI image (Fig. 4).

However, this near-zero clustering poses a fundamental
challenge for Otsu’s thresholding algorithm (Otsu, 1979),
which requires a clearly separable bimodal distribution to
identify a reliable threshold. To address this limitation, a
novel normalization technique, herein introduced as Zero-
Preserving Split Normalization (Z-Split), was developed and
applied exclusively to ENDWI before Otsu thresholding.
Z-Split independently normalizes the positive and negative
components of the index while strictly preserving zero as the
natural boundary between water and non-water pixels. Let X

denote the set of raw ENDWI values, where X+ = {x ∈X :

x > 0} and X− = {x ∈X : x < 0}. The ENDWI_zsplit trans-
formation is defined as shown in Eq. (9):

ENDWIzsplit =


x−min(X+)

max(X+)−min(X+) if x > 0

0 if x = 0
x−min(X−)

max(X−)−min(X−) − 1 if x < 0

(9)

Z-Split maps positive values to [0, 1] and negative values
to [−1, 0], while zero remains unchanged. The expanded dy-
namic range produces a clearly separable bimodal histogram,
enabling Otsu’s method to identify a reliable threshold be-
tween flooded and non-flooded pixels (Fig. 3b). Z-Split was
applied exclusively to ENDWI because its near-zero cluster-
ing arises from its unique formulation (NDWI divided by
the Green band), rather than from the input scale – other
indices retained sufficiently wide dynamic ranges for stable
Otsu thresholding without additional normalization. Impor-
tantly, simple scaling by a constant factor (e.g., dividing by
10 000) does not resolve this issue, as the compressed dis-
tribution structure is preserved regardless of scale, and the
zero boundary is displaced under conventional normalization
– rendering automatic thresholding unreliable.

Z-Split addresses these challenges through three mathe-
matically guaranteed properties: (1) zero is strictly preserved
as the natural spectral boundary between water and non-
water pixels; (2) positive and negative components are in-
dependently normalized to [0, 1] and [−1, 0] respectively,
expanding the dynamic range without distorting the relative
contrast between surface classes; and (3) all output values are
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Figure 3. Histogram of ENDWI raw values before (a) and after (b) Zero-Preserving Split Normalization (Z-Split). The red dashed line
indicates the zero boundary. The narrow dynamic range in panel (a) spanning approximately −0.0004 to +0.00015 is expanded to [−1, 1]
in panel (b), producing a clearly separable bimodal distribution suitable for Otsu thresholding.

constrained to [−1, +1], ensuring scale-independent com-
parability with other bipolar spectral indices. These proper-
ties were confirmed for both scaled integer and surface re-
flectance inputs, yielding consistent and stable thresholding
results.

It is important to note that Z-Split is not an intrinsic com-
ponent of ENDWI itself – the raw index retains full visual
discriminability between flooded and non-flooded pixels, as
evidenced by its AUC and the clear tonal contrast observed
in the raw imagery (Fig. 4). Z-Split is applied solely as a pre-
processing step to ensure reliable automatic thresholding in
subsequent processing stages, and its broader applicability to
any bipolar spectral index exhibiting near-zero-value cluster-
ing represents a promising direction for future investigation.

3.4 Thresholding Using Otsu’s Method

After obtaining the raw index maps, binary water/non-water
classifications were generated for each of the eight indices
using automated thresholding. Otsu’s method was selected
for this purpose (Otsu, 1979), as it is a widely adopted, non-
parametric technique in remote sensing applications for ex-
tracting water bodies (Jiang et al., 2020; Tan et al., 2023).
This algorithm determines the optimal threshold by maxi-
mizing inter-class variance, providing an objective and re-
producible solution that is especially useful in complex ur-
ban environments where manual thresholding may introduce
subjectivity.

Otsu’s method performs effectively when the index his-
togram exhibits reasonable bimodality, which was observed
for most of the tested indices – particularly those where water
pixels cluster at lower values. For each raw index, the Otsu

threshold was calculated independently from the full-scene
histogram. Pixels were then classified as flooded if their in-
dex values fell on the expected water side of the threshold,
with the decision direction (greater than or less than) ad-
justed according to the polarity of each index. This process
yielded binary flood maps (Fig. 4) suitable for direct quanti-
tative comparison with the reference points.

To evaluate classification performance, standard accuracy
metrics were computed, including Overall Accuracy, Pre-
cision, Recall, F1-Score, and Kappa coefficient. The False
Alarm Rate (FAR) was adopted as the primary metric for as-
sessing urban noise suppression, defined as follows (Eq. 10):

FAR=
FP

FP+TN
(10)

where FP denotes non-flooded pixels incorrectly classified as
flooded, and TN denotes non-flooded pixels correctly classi-
fied as such, with FP+TN representing the total number of
actual non-flooded pixels.

The application of Otsu thresholding generally enhanced
classification sharpness and improved overall accuracy
across the indices. Nevertheless, residual false positives per-
sisted in challenging areas, such as shadowed built-up zones,
even for stronger raw performers like AWEIsh. In contrast,
ENDWI demonstrated notable resilience to these urban ar-
tifacts after thresholding, achieving a lower false alarm rate
despite its slightly lower raw AUC. This complementary per-
formance – where AWEIsh provided superior general sepa-
rability while ENDWI excelled in suppressing urban-induced
errors (Table 2) motivated the development of a simple hy-
brid maximum fusion strategy, detailed in the next subsec-
tion, to leverage the respective strengths of both indices.
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Figure 4.
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Figure 4. Sentinel-2 true-color RGB composite (left column, acquired 2 d after peak inundation, showing persistent dark water signatures on
surfaces), raw spectral water index maps (middle column, grayscale), and corresponding Otsu-thresholded binary flood maps (right column,
blue=flooded) derived from the eight evaluated indices for the Al-Lith urban flash flood event.
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Table 2. Separation performance of all eight raw spectral indices based on 1262 ground-truth validation points.

Index AUC Mean Mean Difference t-stat p-value
Flooded Non-Flooded

Pixels Pixels

AWEIsh_raw 0.908 −0.714 −1.339 0.625 35.199 0.000
NDWI_raw 0.671 0.013 −0.027 0.040 9.837 0.000
ENDWI_raw 0.636 0.075 −0.098 0.173 7.799 0.000
AWEInsh_raw 0.415 0.056 0.027 −0.083 −7.819 0.000
WI_raw 0.309 0.903 0.991 −0.088 −11.722 0.000
SWI_raw 0.294 −0.104 −0.026 −0.078 −13.656 0.000
MNDWI_raw 0.294 −0.104 −0.026 −0.078 −13.656 0.000
LSWI_raw 0.104 −0.117 0.001 −0.118 −30.907 0.000

3.5 Hybrid Max Fusion

Building on observations from raw and thresholded indices
– particularly the complementary strengths of AWEIsh_raw
(which provides the strongest overall separation) and
ENDWI_raw (effective at suppressing urban false positives)
(Tables 2 and 3), we developed a simple hybrid approach to
combine their advantages. The goal was to create a fused in-
dex that retains high water detection capability while further
reducing spectral confusion in built-up and shadowed areas,
without introducing complex parameters or requiring addi-
tional data. The hybrid fusion was implemented as a straight-
forward pixel-wise maximum operation between the raw val-
ues of ENDWI and AWEIsh, as formulated in Eq. (11):

Hybridraw =max(ENDWIraw,AWEIshraw) (11)

This “max” rule was chosen because both indices are for-
mulated such that higher values generally indicate a greater
likelihood of water (or reduced non-water interference in
urban contexts). By taking the maximum value at each
pixel, the fusion preserves the strongest water signal from
either index while mitigating their weaknesses: AWEIsh
contributes robust shadow handling and broad separation,
whereas ENDWI helps reduce false positives from dark im-
pervious surfaces through its emphasis on the green band.

The resulting hybrid raw map was then subjected to the
same Otsu thresholding process described previously, pro-
ducing a final binary classification. This two-step workflow –
fusion followed by automated thresholding – kept the method
computationally efficient and fully reproducible, making it
practical for rapid flood mapping applications.

Although simple in design, this hybrid strategy proved ef-
fective, as preliminary visual inspections revealed cleaner ur-
ban flood extents with notably fewer isolated false positives
compared to individual indices. A comprehensive quantita-
tive evaluation, including overall accuracy and false alarm
rates, is presented in the Results section.

4 Results

4.1 Performance of Individual Indices (Raw Values)

The discriminatory power of the eight raw indices was first
assessed using ROC analysis on 1262 validation points. AUC
values provided a threshold-independent measure of separa-
tion, complemented by the mean index values for flooded
and non-flooded classes, their differences, and t-test statis-
tics (Table 2).

AWEIsh_raw emerged as the top performer, followed by
NDWI_raw and the proposed ENDWI_raw (Table 2). All
three indices achieved AUC values greater than 0.6, with
highly significant class separation (p < 0.001), confirming
their visual discriminability in raw index imagery before bi-
nary thresholding (Fig. 4).

The superior AUC of AWEIsh_raw can be attributed
to its explicit incorporation of shadow terms, which helps
maintain a clear separation in complex urban environments.
NDWI_raw performed reliably, as expected from a well-
established baseline. Although ENDWI_raw ranked third in
AUC, its mean values exhibited a distinctive pattern – higher
flooded means driven by green band amplification – sug-
gesting particular resilience against urban spectral confusion.
These complementary characteristics motivated a focused
analysis of these three indices in the subsequent threshold-
ing and fusion stages.

4.2 Performance After Otsu’s Thresholding

Applying Otsu’s thresholding to the raw indices produced bi-
nary classifications, which were evaluated using standard ac-
curacy metrics – including overall accuracy, precision, recall,
F1-score, Kappa coefficient, and false alarm rate – based on
the same validation points (Table 3).

Thresholding generally improved practical usability, with
ENDWI_otsu standing out for its balance of high preci-
sion and low false alarm rates. Specifically, ENDWI_otsu
achieved the highest precision (79.41 %) and the lowest false
alarm rate (10.95 %) among all individual indices, nearly
half that of AWEIsh_otsu (20.91 %) and approximately one-
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Table 3. Accuracy metrics for the top three performing indices using Otsu thresholding, based on 1262 ground-truth validation points.

Index Overall Precision Recall F1-Score Kappa False Alarm
Accuracy (%) (%) (%) (%) Rate (%)

ENDWI_otsu 73.14 79.41 53.13 63.67 0.437 10.95
AWEIsh_otsu 81.14 76.10 83.72 79.73 0.622 20.91
NDWI_otsu 61.09 55.67 59.75 57.64 0.217 37.84

third of NDWI_otsu (37.84 %) while maintaining competi-
tive overall performance. AWEIsh_otsu retained strong recall
but exhibited slightly more false positives in shadowed urban
areas, and NDWI_otsu demonstrated solid intermediate per-
formance (Table 3). The FAR was computed for each index
against the same 703 actual non-flooded validation points, as
detailed in Eq. (12):

FARENDWI =
77

77+ 626
=

77
703
= 10.95%

FARAWEIsh =
147

147+ 556
=

147
703
= 20.91%

FARNDWI =
266

266+ 437
=

266
703
= 37.84% (12)

A visual comparison of the binary maps (Fig. 4) further high-
lights ENDWI_otsu’s clearer delineation of urban flood ex-
tents, with fewer erroneous water pixels detected on dark
roofs or roads.

4.3 Performance of Hybrid Max Fusion

The hybrid max fusion of ENDWI_raw and AWEIsh_raw,
followed by Otsu thresholding, yielded the most effective
overall classification. capitalizing on AWEIsh’s broad sep-
aration strength and ENDWI’s ability to suppress urban false
positives. The fused approach achieved an overall accuracy
of 82.65 %, precision of 94.50 %, F1-score of 76.73 %, and
a Kappa coefficient of 0.637, with a false alarm rate of just
2.99 % (21 false positives), representing a substantial reduc-
tion compared to individual indices (Fig. 5 and Table 4).

The hybrid max fusion of ENDWI_raw and AWEIsh_raw
yielded the most effective overall classification, capitaliz-
ing on AWEIsh’s broad separation strength and ENDWI’s
ability to suppress urban false positives. The fused ap-
proach achieved an overall accuracy of 82.65 %, precision
of 94.50 %, F1-score of 76.73 %, and a Kappa coefficient of
0.637. The false alarm rate was reduced to just 2.99 %, as
detailed in Eq. (13):

FARHybrid =
21

21+ 682
=

21
703
= 2.99% (13)

representing a reduction of 73 % relative to ENDWI_otsu and
86 % relative to AWEIsh_otsu (Table 4).

Corresponding flood extent maps (Fig. 5) illustrate the hy-
brid method’s superior ability to suppress noise in built-up

areas while accurately preserving true inundation features,
closely matching high-resolution reference imagery.

These results demonstrate that the proposed ENDWI, both
as a standalone method and in hybrid form, represents a prac-
tical advancement in reducing false alarms in urban optical
flood mapping.

5 Discussion

The results highlight the persistent challenge of false alarms
in optical urban flood mapping and demonstrate how targeted
enhancements to established water indices can yield mean-
ingful improvements. Among the individual indices tested,
AWEIsh_raw confirmed its reputation as a strong performer
in complex environments due to its built-in shadow suppres-
sion terms. This finding aligns with previous studies show-
ing that AWEIsh often outperforms simpler indices, such as
NDWI, in scenes with varied urban surfaces (Stateczny et
al., 2023; Tesfaye and Breuer, 2024). NDWI_raw, serving as
the long-standing baseline (Miura et al., 2025), provided re-
liable separation, consistent with its widespread application
in Sentinel-2 analyses.

The proposed ENDWI, although ranking slightly lower
in raw AUC, proved particularly valuable post-thresholding
and in fusion applications. Its formulation – dividing NDWI
by the Green band – effectively suppresses responses from
dark impervious surfaces and shadows that plague NIR- or
SWIR-dependent indices, while preserving the discrimina-
tive contrast of genuinely flooded pixels through their com-
paratively lower green reflectance. The Green band’s role in
enhancing contrast for turbid or urban-influenced water has
been documented in previous studies involving hyperspec-
tral, multispectral, and UAV sensors (Yan et al., 2017; Zhao
et al., 2024). Our empirical results extend this advantage
to medium-resolution multispectral data, directly contribut-
ing to ENDWI_otsu’s superior precision and markedly lower
false alarm rate compared to alternative indices.

The hybrid max fusion of ENDWI_raw and AWEIsh_raw
represented the most significant advancement, achieving the
highest overall accuracy and dramatically reducing false pos-
itives to below 3 %. Taking the pixel-wise maximum, this
approach leveraged the complementary strengths of both in-
dices: AWEIsh’s broad discriminatory power and ENDWI’s
targeted suppression of urban noise. Such rule-based fusion
is notably more efficient than deep learning or multi-sensor
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Figure 5. Sentinel-2 true-color image post-flood (top-left); raw hybrid maximum fusion map of ENDWI and AWEIsh (top-right, grayscale
normalized); and Otsu-thresholded binary flood map from the hybrid approach (bottom, blue=flooded) for the Al-Lith urban flash flood
event. The hybrid method significantly reduces false alarms in built-up areas compared to individual indices.

Table 4. Performance comparison of the hybrid max fusion approach versus the top individual indices, based on 1262 ground-truth validation
points.

Method Overall Precision F1-Score Kappa False False
Accuracy Alarm (%)

Hybrid Max 82.65 94.5 76.73 0.64 21 2.99
ENDWI_otsu 73.14 79.4 63.67 0.437 77 10.95
AWEIsh_otsu 81.14 76.10 80 0.622 147 20.91

integrations (e.g., Sentinel-1 SAR combined with Sentinel-
2), which, while powerful, demand greater computational re-
sources and labeled training data – resources are often scarce
during rapid disaster response.

From a cost–benefit perspective, ENDWI offers a com-
pelling trade-off between implementation complexity and
performance gain. The index relies exclusively on the Green

and NIR bands – identical to NDWI – requiring no addi-
tional sensors, hyperspectral data, or computational over-
head beyond a single division operation, which can be exe-
cuted within seconds using standard raster analysis tools. De-
spite this minimal added complexity, ENDWI_otsu reduced
the false alarm rate from 37.84 % (NDWI_otsu) to 10.95 %,
while the hybrid fusion further reduced it to 2.99 % – rep-
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resenting a 15-fold improvement over NDWI at negligible
computational cost. This efficiency is particularly relevant
for operational flood response, where processing speed and
data accessibility are critical constraints. Our method’s sim-
plicity and effectiveness align with recent efforts to refine in-
dex combinations for flood extent mapping, yet it stands out
for its focus on minimizing false alarms in purely optical,
cloud-free urban scenarios.

These gains are encouraging for operational use, partic-
ularly in arid or semi-arid cities prone to flash flooding,
where timely and accurate inundation maps are crucial for
damage assessment and evacuation planning. However, the
study relies on a single post-event image pair from one flood
event, limiting its generalizability across different seasons,
water turbidity levels, and vegetation phenology. Visual in-
spection of an independent flood event reported in Ahmadi
et al. (2026) suggested lower false alarm rates for ENDWI
compared to NDWI, providing preliminary evidence of trans-
ferability; however, formal multi-event validation remains a
subject for future work. Additionally, reliance on cloud-free
conditions remains a constraint of optical approaches, and
the 10 m resolution of Sentinel-2 may fail to detect narrow
urban water features that higher-resolution data can capture.

Future work could explore adaptive weighting in the fu-
sion step, the incorporation of additional bands (e.g., red-
edge for vegetation masking), or the extension to time-series
analysis for multi-event validation. Integrating ENDWI into
ensemble frameworks with SAR data might further enhance
all-weather capabilities. Overall, this work underscores that
modest, interpretable modifications to classic indices can
substantially mitigate urban spectral challenges, offering a
practical tool for near-real-time flood monitoring using freely
available Sentinel-2 imagery.

6 Conclusion

This study addressed the long-standing issue of false alarms
in optical urban flood mapping by introducing the ENDWI
– a novel enhancement of NDWI formulated as NDWI di-
vided by the Green band – alongside a Zero-Preserving Split
Normalization technique (Z-Split) and a simple hybrid max
fusion with AWEIsh, applied to Sentinel-2 imagery from the
2018 Al-Lith flash flood event.

Raw index evaluation confirmed AWEIsh as the strongest
separator, with ENDWI showing promising resilience to ur-
ban spectral confusion through its differential green band
suppression mechanism. Post-Otsu thresholding highlighted
ENDWI’s superior precision and lower false alarm rate,
while the hybrid fusion delivered the best overall perfor-
mance: 82.65 % accuracy, 94.50 % precision, and a false
alarm rate of just 2.99 %, a substantial reduction in erroneous
water detections compared to individual indices.

A key methodological contribution of this study is the
herein introduced Z-Split normalization, which addresses the

near-zero value clustering inherent to ENDWI’s formulation
by independently normalizing positive and negative compo-
nents while strictly preserving the zero boundary. This tech-
nique enabled reliable Otsu thresholding for ENDWI and
holds broader potential for any bipolar spectral index exhibit-
ing similar distributional characteristics.

These improvements stem from the complementary design
of the fused approach, which combines broad discrimina-
tory power with targeted noise suppression in a lightweight,
parameter-free manner. The method’s reliance on freely
available Sentinel-2 data and standard GIS operations makes
it particularly suitable for rapid, operational flood response in
data-limited or resource-constrained settings. From a cost–
benefit standpoint, ENDWI requires no additional sensors or
data beyond what NDWI already uses, yet achieves a 15-fold
reduction in false alarm rate compared to NDWI when com-
bined with hybrid fusion – at negligible computational cost.

Although demonstrated on a single well-documented flood
event, visual inspection of an independent flood event re-
ported in Ahmadi et al. (2026) suggested lower false alarm
rates for ENDWI compared to NDWI, providing preliminary
evidence of transferability. Future extensions could include
formal multi-event validation, integration with SAR data for
all-weather capability, or adaptive fusion weights to handle
varying water turbidity and urban surface conditions. In sum-
mary, ENDWI, Z-Split, and the proposed hybrid method of-
fer a practical and effective tool for more reliable urban in-
undation mapping, contributing to reduced false alarms and
better-informed disaster management decisions.

Code and data availability. The Sentinel-2 Level-2A im-
agery used in this study, including the specific product ID:
S2B_MSIL2A_20181128T075249_N0500_R135_T37QFC_
20230727T143835.SAFE is freely available from the Copernicus
Open Access Hub at https://browser.dataspace.copernicus.eu/
(last access: 8 May 2024). The raw WorldView-4 imagery used
in this study was provided by King Abdulaziz City for Science
and Technology (KACST). Restrictions apply to the availability
of this data, which was used with agreement for this study. It
can be requested directly by email (serv.sri@kacst.gov.sa) or
through the official KACST portal at https://kacst.gov.sa/en/ (last
access: 14 January 2026). Reasonable requests for the data may
also be directed to the author. The Z-Split (Zero-Preserving Split
Normalization) equation, Sample images, the copyright statement,
Ground truth points, and metadata for WorldView-4 satellite
imagery are publicly available in the GitHub repository “endwi”
at https://github.com/aalmoadi/endwi (last access: 9 June 2026)
under the MIT License. This repository additionally includes
the processed data and all figures presented in this study. The
“zsplit” Python package implementing the Z-Split normalization
is available on PyPI (https://pypi.org/project/zsplit/, last access: 14
June 2026) and has been assigned a persistent identifier via Zenodo
(https://doi.org/10.5281/zenodo.20602710, Almoadi, 2026).
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