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Abstract
Understanding tropical cyclones (TCs) impact is critical for implementing effective post–cyclone management methods. 
While previous researches have assessed the effects of TCs in Oman, this study uniquely examines and quantifies the 
impact of the Shaheen tropical cyclone (STC) using advanced image resolution and analysis, including artificial intelli-
gence in the form of Multiple Deep learning models, as well as using very high-resolution (41 cm) satellite imagery. This 
study found significant vegetation loss, with 85.8 ha (51.3%) of dense and 153.2 ha (18.9%) of sparse vegetation destroyed 
in Al–Khabourah. Al–Suwaiq was the most affected wilayat, losing 3160  ha (55.5%) of shrubs and grasses, 1713.9  ha 
(67.2%) of dense vegetation, and 609.8 ha (16.6%) of sparse vegetation. The cyclone also caused drastic increases in water 
surface areas, especially in Al–Khabourah by 496.82  ha and Al–Suwaiq by 180.8  ha. Additionally, 32% (42.73  ha) of 
buildings in Al–Khabourah and 67.5% (6.4 ha) of fishermen’s coastal structures were damaged. The deep learning model 
accurately classified land cover types with high precision (1, 0.93, 0.89, and 0.9 for barren, dense, sparse vegetation, and 
buildings, respectively) and an overall accuracy of 94%. Digital Elevation Models and Ruggedness Index maps identified 
flood-prone zones, especially in coastal areas. Ground validation confirmed model performance with an overall accuracy 
of 94%. This study demonstrates the effective application of artificial intelligence in the form of multiple deep learning 
techniques for detecting and mapping various objects, including vegetation, buildings, and water bodies, in the aftermath 
of the impact of TC. These insights can support government agencies and landowners in developing more effective post–
cyclone planning and climate resilience strategies, especially in urban and coastal regions.
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1  Introduction

Many ecological hindrances are considered challeng-
ing for humans, livestock, agriculture, the environment, 
and infrastructure, while tropical cyclones are one of the 
most destructive phenomena on the Earth’s surface. The 

intensifying effects of climate change profoundly change 
both the frequency and intensity of tropical cyclones, which 
in turn pose a serious threat to the fundamental structure 
of our ecosystems. This shift has the potential to signifi-
cantly undermine the essential services these ecosystems 
deliver, putting at risk the delicate equilibrium of nature that 

Graphical Abstract

This study used high–resolution satellite imagery to assess the impact of the Shaheen tropical cyclone. The study fused 
pre–impact and post–impact imagery, which was processed and used to train AI models to detect changes in vegetation, 
buildings, and water surfaces. The AI models achieved high accuracy (94%), integrating terrain analysis to map flood zones. 
Results showed severe damage, including a 55.5% loss of shrubs in Al–Suwaiq and 32% building damage in Al–Khabourah. 
The AI–driven impact assessment offers valuable insights for planning climate resilience to help protect urban areas and 
biodiversity.

Highlights
	● Pre–impact and post–impact satellite imagery was acquired to carry out the impact assessment of Shaheen Tropical 

Cyclone (STC).
	● AI in the form of Multiple Deep learning models was trained with different epochs and applied in the study area using 

multilayer backbone models.
	● Impact assessment of STC was carried out on vegetation, buildings, and water bodies extracted using these models.
	● In addition to a drastic increase in water bodies and destruction of vegetation, damage to buildings was also recorded in 

the study.
	● Spatial maps from hot and cold spots analysis and flood inundation analysis were constructed to identify the areas 

affected in the same scenarios.

Keywords  Cyclone damage assessment · Disaster management · Impact assessment · Artificial intelligence · Remote 
sensing · Deep learning · Change detection · Flood mapping
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supports all living beings (Kropf et al. 2025). A total of 87 
storms were registered and named in the year 2022 around 
the world (Erick 2025). A criterion is set by the Directorate 
General of Meteorology in Oman (DGMET), declaring a 
tropical system as “Tropical Cyclone (TC)” with a maxi-
mum sustained wind speed exceeding 63 knots (Al-Zadjali 
et al. 2021). TCs have a direct impact on the Arabian Pen-
insula due to their formation in the Indian Ocean as 41 TCs 
landed in Oman with extreme rainfall, storm surges, and 
flash floods, causing loss of lives (Al-Manji et al. 2021). 
Due to its geographical locality and geophysical surround-
ings, Oman faced direct hits that often influenced and dam-
aged coastal areas (Mansour 2019; Banan-Dallalian et al. 
2021).

Since 1970, the severity and incidence of TCs have 
increased as sea surface temperatures rose (Knutson et al. 
2010). Figure 1 shows the occurrence of all TCs in the Ara-
bian Sea recorded by the International Best Track Archive 
for Climate Stewardship (Gahtan et al. 2024). The Gonu 
cyclone, the strongest cyclone in the Arabian Sea, impacted 
the Arabian Peninsula and southern Iran from June 2–7, 
2007, killing 49 people in Oman and 23 in Iran (Banan-
Dallalian et al. 2021).

TCs have the most significant global impact on coastal 
areas. Assessment of the overall impacts of TC is crucial for 
the implementation of effective post–cyclone management 

strategies (Hoque et al. 2016). The collection of near real-
time data, analysis, future prediction, and decision-making 
is important to mitigate natural disasters caused by TCs. 
Many sensors must be installed and monitored to collect 
real-time data. In addition to maintenance and monitoring, 
many physio-hydrological models have been incorporated 
to scale the impact of these disasters (Srivastava et al. 2022). 
However, these traditional methods have proven difficult, 
time-consuming, and laborious to mitigate the effects of TC 
and management approaches (Zhang et al. 2013).

In this context, the use of remote sensing has proven 
to be more accurate and time-saving by adding geospatial 
analysis and utilizing GIS approaches to alleviate disaster 
management, including TCs (Cortés-Ramos et al. 2020; 
Tomaszewski 2020; Hoque et al. 2024; Das and Ghosh 
2024). Monitoring and assessing the impact of TCs on 
socio-environmental aspects using high-resolution satellite 
imagery is considered crucial for disaster management tech-
niques (Phiri et al. 2020; Behera et al. 2022). There are four 
main types of hazards caused by TC: destruction caused 
by strong winds, rainfall flooding, storm surges, and land-
slides, further causing damage to urban areas, vegetation, 
beaches, and loss of lives (Murray et al. 2020). Many stud-
ies have described the impact of TCs on vegetation (Mandal 
and Hosaka 2020; Charrua et al. 2021; Kumar et al. 2021; 

Fig. 1  Occurrence and track record of all tropical storms in the Arabian Sea since 1970 (Gahtan et al. 2024)
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study will help concerned authorities anticipate similar TCs 
at unexpected locations.

2  Materials and Methods

2.1  Study Area

The STC followed a rare path compared with other TCs in 
the Arabian Peninsula and made landfall on the northern 
coastline of the Sultanate of Oman on October 3, 2021 as 
shown in Fig. 2. Figure 3 shows the geographical location 
of the study area, consisting of the two most affected wilay-
ats (Al–Khabourah and Al–Suwaiq) located in the North 
Al–Batinah Governorate of Oman, northwest of the Capi-
tal, Muscat. The study area experiences a hot and hyper-arid 
climate with an average temperature of 40  °C in summer 
and 20 °C in winter, and 100 mm average annual rainfall 
(Ali et al. 2021). The North Al–Batinah region is 1 m above 
mean sea level (Mansour et al. 2023) and covers the highest 
percentage of the total arable area (25.14%) in the Sultanate 
of Oman, with a total population of 833,766 people and a 
population density of 109 capita per Km2 in the year 2022 
(data.gov.om). During the STC period, 150, 214, 369, and 
300 mm of rainfall were recorded in the wilayats of Musas-
nah, Saham, Al–Khabourah, and Al–Suwaiq, respectively, 
with an average for the four wilayats of 258 mm (MAFWR_
OM 2021a).

2.2  Satellite Imagery Acquisition

This study utilized KOMPSAT-3 and GeoEye-1 satellite 
imagery with resolutions of 50 and 41 cm, respectively. The 
imagery was acquired before and after the impact of the 
STC for both wilayats in North Al–Batinah (Fig. 3). Cloud-
free images were acquired before and after the impact of 
the STC on each wilayat to study its impact. The imagery 
acquired for the pre–impact analysis was obtained from the 
archives of the satellite platform in 2021. However, a new 
tasking from KOMPSAT-3 was requested for post–impact 
from the sensor platform to acquire the imagery of the area. 
Hence, post–impact imaging was performed between Octo-
ber 7 and 12, 2021, within 3–8 days after the impact. It is 
noteworthy to mention that the impacts of short-term flood 
receding or debris removal on the identification of damage 
can be a factor contributing to uncertainty of the aftermath 
analysis. However, an overall debris removal and clean-
ing activities for the STC, by the relief and shelter section, 
started on 8 October 2021 (Times of Oman 2021). The pre–
impact and post–impact imagery went through Ortho-rectifi-
cation, radiometric calibration, atmospheric correction, and 
geometric correction processes using ENVI 5.0 and ArcGIS 

Delaporte et al. 2022), urbanization (Fisker et al. 2021), and 
sea levels (Ningsih et al. 2020).

The addition of deep learning techniques using satel-
lite imagery has helped researchers acquire more accurate 
results (Feng et al. 2021). Deep learning has been previously 
used in TC size estimation (Zhuo and Tan 2021; Baek et al. 
2022), impact assessment (Berezina and Liu 2022; Nasrin 
et al. 2023; Maha Arachchige and Pardhan 2025), intensity 
(Zhang et al. 2021; Jiang et al. 2023), patterns (Lin et al. 
2023), detection (Xie et al. 2022), and predictions (Dong et 
al. 2022; Haque et al. 2022). The use of deep learning tech-
niques and pretrained models in larger imagery areas has 
proven to be more robust, less laborious, and more accurate 
than manual inspections (Kaur et al. 2021; Chen et al. 2023). 
The unique landfall of the Shaheen Tropical Cyclone (STC), 
far north of the Arabian Peninsula, merits special consider-
ation. Previous TC studies in Oman conducted land cover 
and land use techniques (Al-Hatrushi and Al-Alawi 2011), 
flood inundation analysis (Fritz et al. 2010; Al Ruheili et al. 
2019; Banan-Dallalian et al. 2021), beach erosion assess-
ment (Andreou et al. 2022), hydro(geo)logical assessment 
(Müller et al. 2020), statistical model analysis (Al-Manji et 
al. 2021), track data analysis (Al-Zadjali et al. 2021), and 
analytic hierarchy process (Mansour 2019).

Although numerous studies have been carried out glob-
ally to evaluate the effects of TCs using deep learning mod-
els, relatively few have been carried out in the Arabian 
Peninsula to fully assess the impact of TCs on the region’s 
biodiversity, buildings, and water bodies. Moreover, none 
of the studies in Oman utilized the selected deep learning 
models with very high-resolution satellite imagery for the 
pre–impact and post–impact of the STC on a detailed level. 
Because we trained and applied deep learning models with 
GIS integration using extremely high-resolution satellite 
images (41 cm), this study is exceptional in its field applica-
tions. The selected deep learning libraries used in the study 
are proven to be fast and accurate in many objects’ detec-
tion studies (Viraktamath et al. 2021; Lung and Wang 2023; 
Olorunshola et al. 2023), and impact assessment studies 
(Li et al. 2019). Therefore, this study aims to (1) train deep 
learning models using high-resolution satellite imagery and 
conduct an analysis of biodiversity due to STC landfall in 
Oman, and (2) pre–impact and post–impact assessment of 
STC on the biodiversity of the landfall areas. The study’s 
findings offer invaluable insights that can empower land-
owners and government agencies to make informed deci-
sions and strategically plan. By proactively addressing the 
post–cyclone impacts of climate change, these agencies can 
effectively safeguard Oman’s urban areas and preserve their 
rich biodiversity. This foresight not only enhances resilience 
but also supports a sustainable future for the region. This 
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Subsequently, various objects were labeled to prepare the 
training data using the “Label Objects for Deep Learning” 
toolbox. Precise sampling of each object was performed 
using the ROI toolbox. An ROI boundary was drawn around 
each object in the sample imagery, after which the train-
ing samples were exported into multiple pixel sizes and 
model formats, as illustrated in Fig.  5. Training samples 
were exported in TIFF format with various sizes ranging 
from 64 to 400 pixels based on the objects presented in the 
study area. For this study, training samples were exported 
using the PASCAL Visual Object Classes, RCNN Mask, 
and KITTI metadata formats.

After preparing the data, the “Train Model for Deep 
Learning” tool was used to train each model using the 
training datasets and deep learning frameworks. First, all 
relevant training samples related to the objects of interest 
were imported to ensure that the model was trained specifi-
cally for the relevant objects. Second, the model type was 
selected based on object type and characteristics. To train 
the model for object detection and masking, different back-
bone models were used with different combinations of the 
model hyperparameters (Table 2).

First, the epochs were exported using the PASCAL for-
mat style and RCNN Mask format, employing three differ-
ent patch dimensions: 256 × 256 pixels, 128 × 128 pixels, 
and 64 × 64 pixels. Each of these patch sizes included the 
location of the sampled object, along with the pixel number 
stored in a label text file located in the patch folder. After 
storing the epochs, they were individually used to train the 
model.

Pro, followed by image enhancement, geo-referencing, and 
mosaicking. More details about the satellite imagery and 
bands are provided in Table 1.

2.3  Methodology

Figure 4 illustrates the overall layout of the study conducted 
for the pre–impact and post–impact of STC over the study 
area. The following sections provide a detailed summary of 
these methods.

2.3.1  Artificial Intelligence in the Form of Multiple Deep 
Learning Techniques

Artificial intelligence in the form of Multiple Deep learning 
techniques was used in this study to detect and mask objects 
using a deep learning Framework installed in ArcGIS Pro 
(Version 3.2). The employed framework had all of the deep 
learning libraries (SSD, Mask R-CNN, and YOLOv3). Since 
there were no other updated YOLO versions available in the 
framework during our analysis for this study, YOLOv3 was 
used. The purpose of this framework was to facilitate geo-
spatial analysis by generating layers of shapefiles for map-
ping, visualization, and additional evaluation. To the best 
of our knowledge, this study is among the first to use these 
deep learning libraries to evaluate the TC impact, as is also 
noted in the research gap section. The methodology used for 
implementing deep learning is illustrated in Fig. 5. The pro-
cess began with downloading and installing the necessary 
deep learning algorithms to be activated within ArcGIS Pro. 

Fig. 2  True color imagery of the 
STC was captured on October 3, 
2021, by the Moderate Resolu-
tion Imaging Spectroradiometer 
(MODIS) Terra satellite (NASA 
2024), highlighting the study area 
with a dashed box
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2.3.1.1  Single Shot Detector  According to Liu et al. 
(2016), Single Shot Detector (SSD) is a type of convolu-
tional network (Fig. 6) that identifies objects in images and 
uses non-maximum suppression to help detect different 
object classes within fixed-size boxes. The SSD is struc-
tured into two integral blocks that work together to deliver 
powerful object-detection capabilities. The first block fea-
tures a backbone model that proficiently extracts essential 
features using a pretrained image classification model. The 
second block, known as the SSD head, adds one or more 
convolutional layers to the backbone. It decisively outputs 
bounding boxes and accurately defines the spatial location 
of each detected object. More details regarding SSD can be 
found in Liu et al. (2015, 2016).

2.3.1.2  Mask R–CNN  Mask R–CNN (Fig. 7) is a straight-
forward, adaptable, and universal framework utilized for 

Each model was trained using different parameter selec-
tions for the various backbone models. This step was 
repeated until the losses and average precision could not be 
further improved. The results section presents the results of 
the selected deep learning model used in this study. The next 
section provides the basic principles of the model examined 
in this study.

Table 1  Specification of satellite imagery used in this study acquired 
between 11 May 2021, and 12 October 2021
Satellite Name KOMPSAT-3 GeoEye-1
Spatial Resolution 0.5 m 0.41 m
Bands
Blue 450–520 μm 450–510 μm
Green 520–600 μm 520–580 μm
Red 630–690 μm 655–690 μm
Near-Infrared 760–900 μm 780–920 μm

Fig. 3  Geographical location of (a) Oman and RGB overlay of the landfall areas of (b) Al–Suwaiq and (c) Al–Khabourah
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allows YOLOv3 to effectively improve object detection 
performance.

2.3.1.4  Water Bodies  To train the water detection model, 
we used the pixels of water bodies from the satellite imag-
ery that is used in the study as later showed in the results 
section (a) that there was no water stored in the dam before 
the STC landfall. Same trend was also observed in other 
parts of study area. This scenario led to low number of water 
bodies allocated for the training the model which could lead 
the model to overfitting and further, unrealistic results. 
Hence, the Normalized Difference Water Index (NDWI) 
was used in this study. The NDWI is a satellite imaging 
tool that highlights open water features, allowing them to 
stand out against soil and vegetation. NDWI was developed 
to detect water in flooded areas during extreme weather 
events, thereby enhancing the presence of open water fea-

object segmentation, which builds upon Faster R–CNN 
by incorporating an additional branch that identifies and 
predicts a mask concurrently with the existing branch for 
bounding box recognition (Banan-Dallalian et al. 2021).

2.3.1.3  YOLOv3 (You only Look once v3)  You Only Look 
Once version 3 (YOLOv3) is one of the most widely used 
object detection models based on deep learning; it employs 
the K–means clustering method to estimate the dimensions 
and size of objects, as well as to define their bounding boxes 
using ResNet family backbone models (Zhao and Li 2020). 
According to Redmon and Farhadi (2018), YOLOv3 builds 
upon advancements in YOLOv2, enhancing its capabilities. 
It transitions from an earlier DarkNet–19 to a more robust 
deep architecture known as DarkNet–53, which features 
53 convolutional layers. This deeper structure (Fig.  8) 

Fig. 4  Illustration of the study 
approach
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sponded to water only and have been used in many studies 
to detect water bodies and delineate the impact of TCs on 
existing and new water bodies (Prakash et al. 2023; Hun-
gwe et al. 2024; Mishra et al. 2024). To estimate NDWI, the 
reflectance values of the bands were converted to NDWI 
values using raster calculation in ArcGIS Pro using Eq. 1.

NDWI = (γ G − γ NIR)
/
(γ G + γ NIR) � (1)

tures in remotely sensed digital imagery. NDWI uses green 
and near-infrared bands to detect subtle changes in the water 
content. NDWI was first proposed in 1996 and is less sensi-
tive to atmospheric effects than NDVI (Gao 1996). NDWI 
values ranged from − 1 to 1, and the positive values corre-

Table 2  Details of hyperparameters used for training the deep learning 
models
Model Epochs Batch Learning Rate Validation
Mask R–CNN 20–40 4–64 0.00001–0.0007 10%
YOLOv3 20–100 64–120 0.00004–0.003 10%
SSD 20–60 16–120 0.0002–0.0017 10%

Fig. 6  Architecture of the Single 
Shot Detector (SSD) model
 

Fig. 5  Layout of the methodology 
used to train the model
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ized Difference Vegetation Index (NDVI) values, as many 
studies have used vegetation indices to assess the impact 
of TCs on vegetation (Charrua et al. 2021; Kai et al. 2021; 
Shamsuzzoha et al. 2021). Moreover, NDVI has proven its 
significance in vegetation categorization and assessment 
(Al-Mulla et al. 2022; Al-Kindi et al. 2023). For the vegeta-
tion impact analysis, the pre–impact and post–impact veg-
etation categories were calculated using Eq. 2 for STC.

NDV I = (γ NIR − γ R)
/
(γ NIR + γ R) � (2)

Where, NDVI is Normalized Difference Vegetation Index, 
while γ NIR and γ R are the near-infrared and red bands of 
satellite imagery, respectively.

NDVI maps were constructed for the pre–impact and 
post–impact. NDVI maps were created in the detected veg-
etation categories and classified according to the values 

Where NDWI is Normalized Difference Water Index, while 
γ NIR and γ G are near-infrared and green bands of satel-
lite imagery, respectively.

NDWI maps were constructed for pre–impact and post–
impact. NDWI maps were constructed and reclassified 
according to the water body values. The locations of the 
existing water bodies were identified using the pre–impact 
assessment, and these locations were subsequently utilized 
to investigate the physical impacts of the STC on the water 
of these bodies.

2.3.1.5  Vegetation  TCs have severe effects on vegetation, 
loss of agricultural development, and the economy (Fee-
han et al. 2024). First, we used the trained deep-learning 
models to detect vegetation in the study area by creating a 
2D detection box that was saved as shapefiles. These shape 
files were used as vegetation masks to extract only the veg-
etation areas. Once vegetation was detected, the next step 
was to categorize these detections based on their Normal-

Fig. 8  Architecture of the YOLOv3 model (Kathuria 2018)

 

Fig. 7  Graphical architecture of 
the Mask R–CNN model (He et al. 
2020)
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this study to estimate R is described in detail in Riley et al. 
(1999). Equation 3 shows the process in its simplest form:

R =
(∑

(Ec − Ei)2
)2

� (3)

Where R is the Terrain Ruggedness Index, while Ec is the 
value of the pixel being calculated, and Ei is the value of the 
surrounding pixel, where i values range from 1 to 8.

2.3.1.9  Hot Spot/Cold Spot Analysis  Hotspot analysis is a 
helpful tool for recognizing spatial clusters of both high and 
low values. This tool has helped many studies to highlight 
the TCs impact in different areas around the globe (Has-
san et al. 2020; Zhou et al. 2021; Luo and Wu 2022). This 
tool works by examining each feature within the context of 
neighboring features. A feature with a high value is interest-
ing but may not be a statistically significant hotspot. The 
hotspot technique identifies statistically significant spatial 
clusters of highly flooded areas as hot spots and non-flooded 
areas as cold spots. This results in an output feature class 
with z-score, p-value, and confidence level bin ( G∗

i ) for 
each feature in the input feature class. Based on the G∗

i  
(Eq.  4) values, statistically significant hot and cold spots 
were identified, corrected for multiple testing and spatial 
dependence using the False Discovery Rate (FDR) correc-
tion method. More details regarding hotspot analysis can be 
found in ESRI (2023a, b).

G∗
i =

∑n
j=1 wi,jxj −X

∑n
j=1 wi,j

S

√[
n
∑n

j=1
w2

i,j
−
(∑n

j=1
wi,j

)2
]

n−1

� (4)

Here G∗
i is confidence level bin for each feature (i) where xj 

is the attribute value for feature j, wi, j is the spatial weight 
between features i and j, and n is the total number of fea-
tures. The values of Xand S are calculated using Eqs. 5 
and 6.

X =
∑n

j=1 xj

n
� (5)

S =

√∑n
j=1 x

2
j

n
−

(
X
)2� (6)

representing the vegetation type (dense, sparse, and shrub/
grassland). Before the STC made landfall in the study area, 
the coordinates of the previously available vegetation par-
cels were collected using the Google Earth Pro archives. 
These samples were also used as accuracy points to detect 
changes in vegetation.

2.3.1.6  Building  Areas consisting of buildings near the 
coasts are most affected by TCs due to high wind speed, 
waves, debris, and high moisture in the air (Hong et al. 
2025). We trained and used deep learning models to classify 
buildings from other objects/features in the satellite imag-
ery. Figure 5 shows the layout of the deep learning model 
used to detect and map the buildings. The building extrac-
tion was also validated against in situ data collected from 
Google archive imagery using the Google Earth Engine. 
This method was repeated for post–impact detection, and 
a change detection map was generated, highlighting the 
affected areas of the buildings.

2.3.1.7  Digital Elevation Maps  A digital elevation map 
(DEM) presents an overall scenario of a region, highlight-
ing the area’s height and assisting in determining its vulner-
ability to potential cyclone/disaster impacts. The study of 
the elevation of an area is also crucial to determine whether 
the area is exposed to a possible storm surge. We used an 
innovative technique to draw elevation maps of the study 
area using the elevation profiles from Google Earth Pro. The 
elevation data were recorded from Google Earth Pro with 
the corresponding coordinates, imported, and then interpo-
lated using inverse distance weighted (IDW) interpolation 
in ArcGIS Pro (version 3.2). These elevation maps have 
proven to be more accurate at the inquiry stage for primary 
road, drainage, and watershed boundary delineation (Anis-
Athirah et al. 2021; Rochmadi 2023).

2.3.1.8  Terrain Ruggedness Index (R)  The Terrain Rug-
gedness Index (R) highlights the amount of elevation differ-
ence between adjacent cells of the DEM, providing spatial 
variability insights into the surface area (Trevisani et al. 
2023). R is used to express the amount of elevation differ-
ence between adjacent cells to a point and has been widely 
used in many studies (Kaspi and Kuleshov 2023; Okolie et 
al. 2023). First, the values of the neighboring pixels were 
subtracted from those of the central pixel (under calcula-
tion). The differences were then squared, added to each 
other later, and squared again. The methodology used in 
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Weighted− F1 = weightedaveragedof F1 Scores� (11)

Misclassification Rate = Incoreeect Predictions

Total Predictions
� (12)

Where TP, FP, and FN are True positives, false positives, and 
false negatives, respectively. While N is the total number of 
samples. On the other hand, F1− Score is the harmonic 
mean of Precision and Recall, Macro− F1 is the average of 
F1− Score of each class, and Misclassification Rate 
is the proportion of incorrectly predicted instances.

3  Results and Discussion

3.1  Deep Learning Models

Figure 9 illustrates the average precision score of the trained 
deep learning model used to detect and map buildings and 
vegetation in the study area. Various combinations of model 
parameters were explored along with different backbone 
models to achieve the highest precision score for each cat-
egory. This optimization process was crucial for enhancing 
the model’s ability to accurately classify and differentiate 
between buildings and vegetation in satellite imagery. How-
ever, the models for the buildings and vegetation were suc-
cessfully trained, as shown in Fig. 9. For the water bodies, 
NDWI was used to delineate water bodies in the study area. 

2.4  Accuracy Assessments

The accuracy assessment analyses were conducted in two 
phases using random distribution techniques. In the first 
phase, more than 150 locations were randomly selected with 
different land cover types (feature classes) in pre–impact 
and post–impact and recorded with a GPS device (Garmin 
Montana 700). These locations were then used as ground 
truthing points by adding the feature class from the results of 
the current study using satellite imagery and Google Earth 
Pro RGB imagery archive. The second phase used a sup-
port vector machine learning algorithm procedure, which 
involved performing a confusion matrix analysis to measure 
the accuracy of the impact assessment. The criteria used in 
the accuracy assessment of this study were as follows:

Precision = TP

(TP + FP ) � (7)

Recall = TP

(TP + FN) � (8)

F1− Score = 2 × Precision× Recall

Precison+Recall
� (9)

Macro− F1 =
∑

F1− Score

N
� (10)

Fig. 9  Variation in average preci-
sion score of deep learning models 
trained for detecting and mapping 
buildings and vegetation
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58 in Fig. 10), Al–Musanah (no. 10 in Fig. 10), and Al–Kha-
bourah (no. 29 in Fig. 10) received 130, 72, and 9 mm of 
rainfall, respectively, during the same period.

Figure 11 shows the rainfall recorded between October 3 
and October 4, as STC made landfall on October 3, 2021, 
around 7 PM local time (Deutsche 2021). The rainfall data 
showed that the maximum rainfall was recorded in Al–Kha-
bourah (no. 29 in Fig. 11), with 360 mm in the period of 
STC landfall (between October 3 and October 4). The dam 
storage data collected on 4 October by the Ministry of Agri-
culture, Fisheries and Water Resources, Oman, shows that 
the dam at the study area was at its full capacity of 3.7 mil-
lion m3 and started overflowing toward the head of Wadi 
Al–Hawasnah Lagoon in Al–Khabourah (MAFWR_OM 
2021b).

Figure 12 shows the cumulative rainfall between Octo-
ber 2 and October 4 in the study area. The findings indi-
cated that during the STC, Al–Khabourah (no. 29 in Fig. 12) 
experienced the maximum cumulative rainfall (369  mm), 
followed by Al–Suwaiq (no. 58 in Fig.  12) at 300  mm, 
and Saham (no. 23 in Fig. 12) at 214 mm. In contrast, As-
Seeb (no. 60 in Fig. 12) recorded 222 mm, Barka (no. 17 in 

In this study, approximately 40 different combinations of 
backbone models, each with varying parameters and batch 
sizes, were used. Figure  9 illustrates the results of these 
models, showing the impact of different epoch quantities, 
models, backbone types, chip sizes, and batch sizes on the 
overall precision score achieved. The trained models with 
the highest average precision scores were selected to detect 
and map objects in the satellite imagery.

3.2  Impact on Water Bodies

On October 1, 2021, remnants of the Gulab cyclone (formed 
in the Bay of Bengal in September) coalesced to create STC 
northeast of the Arabian Sea. Figure  10 shows the track 
record of the STC for every three hours and the cumulative 
rain between October 2 and 3 (before the STC landfall). The 
rainfall data showed that the wilayat of Bousher (no. 5 in 
Fig. 10) received the highest amount of rainfall (189 mm) 
between October 2 and 3, while the lowest rainfall was 
recorded in the wilayats of Ibri (no. 54 in Fig. 10), Sur (no. 
28 in Fig. 10), and Saham (no. 23 in Fig. 10) with 1 mm, 
2 mm, and 3 mm, respectively. In contrast, Al–Suwaiq (no. 

Fig. 10  Spatial distribution of the rainfall recorded in the study area (before the landfall) between 2–3 October 2021 and tracks of the STC
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the impact, results showed that 0.09  ha of shallow water 
and 0.07 ha of pool water were found. These water areas 
increased to 335.3 ha and 161.6 ha, respectively, following 
landfall of the STC (Fig. 13b).

The spatial distribution of water found in the Al–Suwaiq 
wilayat is shown in Fig.  13(c). Figure  13 (c1) shows the 
water bodies detection in the urban areas located near the 
coast, whereas Fig. 13 (c2) shows the water detected in the 
wadi located in the wilayat. Before the STC impact, change 
detection analysis revealed 140.3 ha of shallow water and 
0.35 ha of water pools. Following the STC landfall, these 
water areas expanded to 232.1  ha for shallow water and 
89.42 ha for Water pools, respectively (Fig. 13d).

3.3  Impact on Vegetation

The STC landfall impacted vegetation in both wilayats. 
The vegetation maps constructed from high-resolution sat-
ellite imagery were classified into four vegetation levels: 
non-vegetation, shrubs and grasslands, sparse vegetation, 
and dense vegetation. The non-vegetation area category 

Fig. 12) received 203 mm, and Bousher (no. 5 in Fig. 12) 
received 202 mm of rainfall.

On the other hand, satellite imagery was also used to 
extract water features from the study area, and a change 
detection analysis was performed to record the changes 
in the water bodies. Before conducting the water analysis, 
we classified the water bodies into two categories: shallow 
water and water pools. Shallow water included water with 
less than a meter depth, while water pools included larger 
amounts of water deeper than the shallow water that formed 
in cities or wadies, especially in places with deep slopes.

Because some water bodies existed before the STC 
impact, the change detection analysis considered the water 
coverage that existed before and after the impact. Figure 13 
shows the spatial variation in the water bodies before and 
after the impact of STC.

Figure 13 (a) shows the impact of STC on the wilayat 
of Al–Khabourah. Figure 13 (a1) shows the spatial distri-
bution of water detected in Wadi Al–Hawasnah and Wadi 
Bani Omar, and Fig. 13 (a2) shows the presence of water 
in Wadi Al–Hawasnah and Wadi Bani Omar Dam. Prior to 

Fig. 11  Spatial distribution of the rainfall recorded in the study area (during the landfall) between 3 and 4 October 2021 with overall tracks of the 
STC
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a lagoon near the coast. Due to the wadi flow and intense 
rainfall, most of the vegetation in the farm was completely 
wiped out. Moreover, it was observed that construction 
adjacent to the lagoon was completely wiped out by erosion 
and water surge in the wadi. It is also observed that the farm 
located near the wadi passage was severely damaged.

The impact of the STC on vegetation in the Al–Suwaiq 
layout is shown in Fig.  15(a). The analysis of vegetation 
maps showed that Al–Suwaiq was the most affected wilayat 
among the other wilayats. Figure  15(a) shows that STC 
affected all vegetation types, especially near the coastline, 
where most vegetation was completely wiped out. The 
impact was also visible in the south of the Al–Batinah high-
way because the flowing wadis/floods eroded soil/boulders 
and debris, which damages roads, infrastructure, and veg-
etation. Vegetation analysis in Fig. 15(b) showed a 5622 ha 
(13.15%) increase in non-vegetative areas. Change detec-
tion on vegetation maps showed that 3160  ha (55.5%) of 
shrubs and grasslands, 1714 ha (67.2%) of dense vegetation, 
and 610 ha (16.6%) of sparse vegetation were completely 
damaged after the impact. The change detection analysis in 

included a mixed class of soils and other objects. Shrubs 
and grasslands cover individual trees and grasslands, while 
sparse vegetation covers freshly cut Rhodes grass fields and 
other crops.

The results from this study showed a 9.8% loss (274 ha) 
of the total vegetation in the wilayat of Al–Khabourah. Fig-
ure 14(a) shows the impact of STC and the damaged area 
with the loss of vegetation in wilayat Al–Khabourah. The 
change detection analysis (Fig.  14b) showed that 1.9% 
(35  ha) of shrubs and grasslands were destroyed, while 
18.9% (153.16  ha) of sparse vegetation was completely 
wiped out. A severe effect was observed on dense vegeta-
tion, with a loss of 51.3% (85.8 ha). The major affected area 
in Al–Khabourah was the downstream area of the Wadi 
Al–Hawasnah and Wadi Bani Omar Dam. This dam was 
constructed 8.5 km away from the coastline in the Wadi Al–
Hawasnah in 1995, and the drainage area of this dam opens 
to the Wadi Al–Hawasnah lagoon, which was surrounded by 
the date palm farms (Al-Hatrushi 2013).

Vegetation has been severely damaged in the confluence 
point where Wadi Hawasnah and Wadi Bani Omar form 

Fig. 12  Spatial distribution of the cumulative rainfall recorded in the study area between 2 October and 4 October 2021 with a complete track of 
the STC

 

1 3

5856



AI Driven Impact Assessment of Shaheen Tropical Cyclone Using Very High-Resolution Satellite Data

Al–Kahbourah. AlRuheili (2022) investigated the impact of 
STC in Al–Khabourah, claiming an average erosion rate of 
16.33 m/year in Al–Khabourah due to extreme events over 
short periods. Such effects were also observed in the STC 
impact assessment, as many houses, especially in Al–Kha-
bourah, were partially destroyed (Fig.  17). The analysis 
resulted in STC affecting approximately 42.73  ha (32%) 
of the structures in Al–Khabourah. The impact caused sig-
nificant damage along the beach, with 6.4 ha (67.5%) of the 
buildings being destroyed. Some of these structures were 
temporarily constructed by fishermen, usually made of date 
palm leaf blinds to keep boats and other belongings safe 
under shade. Structures (as shown in Fig. 17) built near the 
wadi and coastal regions were primarily destroyed because 
floodwater entered the residences and caused damage by 
partially covering them with mud and damaging the sur-
roundings and boundary walls, which coincided with what 
was reported by locals (Observer 2021). Moreover, a sur-
vey conducted by Joseph et al. (2023) was conducted in the 
STC-impacted areas and found that 79% of the surveyed 
participants reported damages to their households, but their 
study underrepresented the area outside the direct impact.

Our study was able to provide a more detailed impact 
assessment of the STC in the area compared to other studies 

Al–Suwaiq (Fig. 15b) revealed that STC destroyed 5484 ha 
(from 11926  ha to 6442  ha) of all vegetation during the 
study period.

Figure 16 shows the overall impact of the STC on vegeta-
tion in the study area. It was observed that the overall vege-
tation in the study area decreased after the STC impact. The 
results indicated that 5317.3 ha (3.5% loss) of all types of 
vegetation were damaged after the STC impact. The study 
resulted in 1730.1 ha of dense vegetation in the study area 
being damaged, which was 57.42% of the total dense veg-
etation before the STC impact. On the other hand, the same 
trend was observed in sparse vegetation, which reduced 
from 6588.8  ha to 5045.73  ha (23.42% loss). STC also 
impacted the shrubs and grasslands, which reduced from 
9268.8 ha to 7224.6 ha (22.1% loss).

3.4  Impact on Buildings

The STC has also impacted buildings and urban areas as 
STC made landfall in the area. The rainwater flowing at 
high speed from the mountains in the wadis brought mud, 
debris, and large boulders that destroyed the property in 
the line of flow. According to the Civil Aviation Authority 
(2021), high wind speeds and heavy rainfall affected the 

Fig. 13  Pre–impact (red) and post–impact (yellow) water bodies in (a) 
Al–Khabourah and (c) Al–Suwaiq, while, Pre–impact (column with 
inclined lines), Post–impact (column with horizontal lines), and cumu-

lative area changes (black column) in water bodies in (b) Al–Kha-
bourah, and (d) Al–Suwaiq
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Fig. 14  Change detection map of vegetation 
showing the destroyed in red colour, existing 
vegetation in Yellow, and Wadi paths in Blue 
line (a) and Changes in vegetation classes in 
the wilayat of Al–Khabourah (b)
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Fig. 15  Change detection map of vegetation showing 
the destroyed vegetation (Red), existing vegetation 
(Yellow), and Wadi paths in (Blue) (a) and Changes 
in vegetation classes in the wilayat of Al–Suwaiq (b)
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flood in the area. Figure 18 shows the DEM and R-indices 
for the study area.

Based on the DEM and R maps, the study constructed hot 
spots and cold spots analyses in these wilyats using Eqs. 4–
6. The analysis helped in the identification and evaluation 
of the areas that are prone to flash floods caused by TCs. 
Figure  19 shows the results of the analysis, highlighting 
these areas. The Hotspot analysis in Al–Khabourah identi-
fied the areas that are most likely to be affected in the case 
of natural hazards, such as the TC impact of rainfall flash 
floods. Figure  19 (a) shows that Al–Khabourah contains 
closer clusters of hotspots, especially near the Wadi Al–
Hawasnah lagoon, with a confidence of 95–99% in the area, 
setting the region at greater risk for future flood inundation. 
In Al–Suwaiq (Fig. 19b), the clusters of hotspots are closer 
to the coast, which might be prone to flooding when it rains 
or sea levels rise due to TCs impacts and inflow of water 
from wadis. As a result of the analysis, hotspot and coldspot 
cluster information can be used to identify areas that may 
flood more frequently during intense rainfall. According to 
hotspot analysis, Al–Khabourah and Al–Suwaiq might be at 
a higher risk of flooding. As shown by an overlay of the 
DEM layer over the Hotspot layer, the areas near the coast 
in Al–Suwaiq at an elevation of 0–10 m, and those near the 
coastline in Alkhabourah at an elevation of up to 15 m, are 
at high risk of flooding. In Al–Khabourah (Fig. 19a), a area 
of 7.1 Square km of the total area is prone to flooding with a 
99% confidence value. On the other hand, the hotspot analy-
sis resulted in a total of 0.61 square km of the area near the 
Suwaiq coastline (Fig.  19b) being prone to flooding with 
99% confidence. The insights from Fig. 19 can help policy-
makers decide where to allocate resources before the impact 
of the TCs and their landfall in these areas.

(Ibrahim and Al Maghawry 2022; Terry et al. 2022; Joseph 
et al. 2023; Al-Awadhi et al. 2024), as our study used higher 
resolution imagery. It was observed that our study provided 
the STC impact at detailed levels. The use of low-medium 
resolution imagery can only provide an overview of such 
impact, as previous studies have used, which might underes-
timate the changes in the study area for vegetation and water 
categories. A similar trend of underestimation was observed 
in vegetation assessments. Our study stands out by offer-
ing a more detailed impact evaluation, incorporating both 
location-specific and regional-level analyses. Additionally, 
our use of satellite tasking enabled the timely acquisition of 
high-resolution imagery, allowing for an early and accurate 
assessment of the impacts.

3.5  Possible Vulnerable Areas

DEM is a valuable tool for identifying areas that may be 
susceptible to local flooding during heavy rainfall or flash 
floods (Anis-Athirah et al. 2021). The results indicate that 
Al–Khabourah and Al–Suwaiq had high values of R, reach-
ing the highest values of 14 and 15, respectively. The map 
of the R-index in Al–Khabourah showed that the region 
near the coast, especially near Wadi Al–Hawasnah and 
Wadi Bani Omar, is at a high risk of flash flooding because 
of a significant change in surface elevation. These findings 
strengthened the results shown in Fig. 16, which highlighted 
the formation of new water bodies in the wadi after STC 
impact. The spatial distribution of R in Al–Suwaiq showed 
that the overall area near the coastline resulted in values 
varying from 5 to 15, depicting the variation of surface ele-
vation from the surrounding area, leading to a possible flash 

Fig. 16  Overall changes in the 
vegetation classes in the study 
area following the STC impact 
are depicted by the Solid Black 
column, which shows the changes 
in the area covered by each vegeta-
tion class, the column with inclined 
lines showing the vegetation class 
prior to the impact, and the column 
with horizontal black lines showing 
the area covered by each vegeta-
tion class following the impact
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Fig. 17  Impact on the building footprints before and after the STC landfall in Al–Khabourah is shown in red and yellow, respectively
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Fig. 19  Hot and Cold spots analysis for (a) Al–Khabourah, and (b) Al–Suwaiq

 

Fig. 18  DEM and TRI for all the wilayats
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Pro after the STC impact, resulting in the recorded locations 
being fully submerged by the water while the building was 
completely wiped. We found the same results in Fig. 20 (g 
and h) from our imagery analysis at the same location and 
found that the ground truthing points of the road, vegeta-
tion, and house were completely covered by water after the 
STC impact. Moreover, the pre–impact imagery used in this 
study did not detect any water at the ground truth site.

Table 3 shows the results of the accuracy assessment con-
ducted on the imagery with a 5 × 5 confusion matrix used for 
deep learning model analysis. The confusion matrix analysis 
showed that the model was successful in detecting barren, 
dense, and sparse vegetation with average precision rates of 
1, 0.93, and 0.89, respectively. The results showed that the 
overall accuracy of the model was 94% with a kappa value 
of 0.92. The accuracy assessment analysis also showed that 
the highest recall value (1) was observed in water and build-
ing detection. Moreover, the overall misclassification rate 
was 0.06, and the Weighted F1 was 0.84. The confusion 
matrix analysis showed that 53 TP detections were reported 
out of 56 geotagged locations of barren land, and 18 TP 
detections of buildings were reported in the assessment. At 
the same time, Overall, 125 TP values were recorded from 
133 ground-truth points.

3.6  Accuracy Assessment

Figure 20 (a) shows the RGB imagery of Wadi Al–Hawas-
nah and Wadi Bani Omar Dam on June 31, 2021, with no 
water stored, whereas Fig. 20 (b) shows the RGB imagery 
of the dam captured on October 7, 2021, after the STC land-
fall. On the other hand, Fig. 20 (c) shows the results from 
the satellite imagery analysis used in this study and con-
firmed that there was no water detected in the dam before 
the STC impact while Fig. 20 (d) shows the results of the 
current research detecting the flow of water in the dam and 
discharge toward the coastal area (captured on October 7, 
2021). This analysis of the dam was cross-examined using 
data published by the Ministry of Agriculture, Fisheries, and 
Water Resources, stating that there was no water stored in 
the dam before the STC impact, and the dam was at its full 
capacity (3.7 million m3) on October 4, 2021 (MAFWR_
OM, 2021b).

Figure 20 (e) shows the RGB imagery of the roads, veg-
etation, houses (buildings), and water captured on June 31, 
2021, on Google Earth Pro before the STC impact near Wadi 
Al–Hawasnah Lagoon. Figure 20 (f) shows the impact on 
the same location of roads, vegetation, houses (buildings), 
and water captured on October 17, 2021, on Google Earth 

Fig. 20  The geographical locations of the accuracy assessment points 
used for the accuracy assessment of the study. Where (a) shows the 
RGB imagery of a Dam before STC landfall, (b) shows the RGB 
imagery of the dam after the STC landfall, (c) depicts our results that 
show there was no water detected in the dam before the STC impact, 
(d) depicts our results that show the flow of water in the dam and 

discharge toward the coastal area, (e) shows the RGB imagery of the 
roads, vegetation, houses (buildings), and water before STC landfall, 
(f) shows the RGB imagery on the same location after the STC land-
fall, (g & h) depicts our results in the same location before (g) and (h) 
after the STC landfall
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609.8 ha (16.6%) of sparse vegetation fully devastated by 
the STC impact. On the other hand, the post–impact analy-
sis revealed the formation of new water bodies, as well as 
an increase in the size of existing water bodies in Al–Kha-
bourah (496.82 ha) and Al–Suwaiq (180.8 ha). The results 
from this study showed damage to 32% (42.73 ha) of build-
ings in Al–Khabourah, and 67.5% (6.4  ha) of the fisher-
men’s structures near the beach were destroyed due to high 
winds and water surges. This study will also assist the con-
cerned authorities in anticipating similar TCs in unexpected 
regions. The emergency response team can incorporate 
the local administration from the areas identified from the 
hotspot and DEM results to develop a framework of essen-
tial measures in the case of extensive rainfalls and possible 
floods. These measures ensure the cleaning and monitoring 
of wadis with the help of municipal cooperation to make 
sure that the Wadi can lead to a safe water discharge. The 
building of the new agricultural or residential structure must 
be addressed by the housing and agricultural sectors follow-
ing the Oman National Spatial Strategy 2040, particularly in 
coastal areas, close to Wadi Ways, or at the intersection of 
waterways (not even within a buffer zone of 50 m). In order 
to prevent damage from debris in coastal areas, the tempo-
rary residential structure must also adhere to the authorities’ 
direction of a 50–300 m (depending upon coastal zones) set-
back from the highest tidal mark. These insights can support 
government agencies and landowners in developing more 
effective pre–impact and post–impact planning and climate 
resilience strategies, especially in urban and coastal regions. 
The suggested methodology can be extended to investigate 
different outcomes of natural climate change disasters at dif-
ferent scales and periods, in collaboration with numerous 

4  Conclusion

On October 3, 2021, the Shaheen tropical cyclone (STC) 
became the first in 130 years to make a straight landfall in 
the north of the Al–Batinah Governorate in the Sultanate 
of Oman after crossing the Oman Sea. This study demon-
strates the effective application of artificial intelligence in 
the form of Multiple Deep learning techniques for detecting 
and mapping various objects, including vegetation, build-
ings, and water bodies, in the aftermath of the impact of 
STC. By leveraging different deep learning models, such as 
SSD, Mask R–CNN, and YOLOv3, and fine-tuning various 
parameters, the study achieved high precision in detecting 
buildings and vegetation, despite challenges such as insuf-
ficient training samples for water bodies. The integration of 
DEM and R maps identified the areas most vulnerable to 
flooding, reinforcing the importance of predictive tools in 
natural climate disaster management. The study focused on 
the holistic influence of STC on the region’s urban, veg-
etation, and biodiversity changes using a deep learning 
algorithm that yielded an overall accuracy of 94% with a 
kappa value of 0.92. The analysis found that Al–Suwaiq 
and Al–Khabourah were directly hit by the STC landfall, 
where Al–Khabourah experienced the maximum cumula-
tive rainfall (369 mm), followed by Al–Suwaiq (300 mm) 
and Saham (214 mm). The analysis revealed that 85.8 ha 
(51.3%) of the dense vegetation was destroyed in Al–
Khabourah. Moreover, 153.2  ha (18.9%) of the sparse 
vegetation was destroyed after the STC impact. The inves-
tigation for vegetation revealed that Al–Suwaiq was the 
most impacted wilayat, with 1713.9  ha (67.2%) of dense 
vegetation, 3160  ha (55.5%) of shrubs and grasses, and 

Table 3  A 5 × 5 confusion matrix analysis
Barren Building Sparse

Vegetation
Dense
Vegetation

Water Total

Barren 53 0 0 0 0 53
Building 0 18 0 2 0 20
Sparse Vegetation 2 0 34 2 0 38
Dense Vegetation 0 0 1 14 0 15
Water 1 0 0 0 6 7
Total 56 18 35 18 6 125/133

Precision 1-Precision Recall 1-Recall F1-score
Barren 1 0 0.94 0.06 0.95
Building 0.9 0.1 1 0.01 0.82
Sparse Vegetation 0.89 0.11 0.97 0.03 0.88
Dense Vegetation 0.93 0.06 0.78 0.22 0.85
Water 0.86 0.14 1 0 0.92
Accuracy
Kappa

0.94
0.92

Misclassification Rate 0.06
Macro-F1 0.92
Weighted-F1 0.94
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