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Remote Sensing Drought Indices Evaluation Based on NDVI and the
Corresponding VCI in Amman Zarga Basin

Dr. Nivin Abdelrahim Hasan
Royal Jordanian Geographic Centre

Abstract

Insparse climatic datadry regionswhere calculated
drought indices are incompatible and inefficient
which leads to insistence on precise indices that
are used to assess drought for monitoring. This
study acquired remotely sensed images from
Landsat-5, 7, and 8 under different periods from
1985 to 2021 in the Amman-Zarqa Basin (AZB).
The normalized difference vegetation index
(NDVI), and the Vegetation Condition Index (VCI)
were employed to monitor the spatial distribution
and temporal evolution of drought conditions in
AZB. The findings suggest that mild to moderate
drought in the northeast and southeast parts of
the basin emerged. From a temporal perspective,
most basin parts exhibited relative fluctuations
in drought intensity over the past 35 years. The
third quarter blushed negative NDVI values and
was dominated by reducing green cover and land
productivity. Drought frequency based on VCI
analysed, and indicated that light drought areas
became moderate and severe drought areas.
Keywords: Remote Sensing, Satellite Images,

NDVI, VCI, AZB.
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1-Introduction

Drought is a normal feature of climate but
the costliest natural hazard that affects many
economic sectors and people around the world
to a potentially damaging extent.It affects
agricultural productivity, water resources, and
ecosystems worldwide [1]. Due to its slow
onset characterization which allows time to
monitor changes in precipitation, temperature,
and available water accounts, indicators are
often used to monitor and quantify droughts
in terms of severity, duration, timing, and
intensity. These indicators are grouped into
classifications: meteorology, soil moisture,
hydrology, remote sensing, and modelled or
composite indicators. Remote exploration in
agriculture allows for the collection of large
amounts of quantitative data in a variety of
areas [2].

Remote sensing techniques have become
essential in monitoring and assessing drought
impacts by providing spatially and temporally
continuous data [3]. Among various remote

sensing-based drought indices, the Normalized
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Difference Vegetation Index (NDVI) and
Vegetation Condition Index (VCI) have gained
significant attention in the literature. This
chapter provides a comprehensive overview
of NDVI and VCI, their equations, and their
applications in the Amman-Zarqa Basin,
focusing on recent studies. NDVI and VCI are
valuable remote sensing-based drought indices
that have been employed in various studies to
assess drought impacts and vegetation health
in different regions. The effectiveness of
NDVI and VCI in various regions emphasised
highlighting the adverse impacts of drought
on vegetation and the significance of remote
sensing-based drought indices in drought early

warning systems.

1.1Normalized Difference Vegetation Index
(NDVI).
The NDVI is a commonly used approach

for monitoring and mapping drought in a
particular region using long-term NDVI
data [4]. It is derived from the Near-Infrared
(NIR) and Red (R) spectral bands of remote
sensing data, as shown in equation (1). NIR is
highly reflective, while the red band is highly
absorptive to vegetation [5]. The NDVI values
range between -1 and +1, with positive values
indicating vegetation cover, and higher values
suggesting denser and healthier vegetation [6].
Various studies have applied NDVI in different

regions and scales. For instance, [7] evaluated
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NDVI performance in monitoring droughts
in Jordan. They reported significant NDVI
decreases, indicating deteriorating vegetation
health during drought events. Similarly, [§8]
assessed the impacts of drought on Jordanian
rangelands, utilizing NDVI data and reporting
declining vegetation cover in response to
drought. Globally, researchers have utilized
NDVI to study drought impacts in various
ecosystems. For example, [9] used NDVI to
assess drought impacts on various vegetation
types in China. They found that NDVI
decreased during drought events, indicating

vegetation degradation.

1.2 Vegetation Condition Index (VCI).

The researchers use NDVI for studying the
greenness and health status of vegetation
as well as mapping changes in vegetation
cover [10]. Vegetation health and greenness
depend on prevailing weather and ecology
[11]. The VCI assess the stressed vegetation
and/or examines vegetation response to the
prevailing weather and climatic conditions. As
compared to simple NDVI analysis, the VCI
quantifies the effect of precipitation dynamics
on vegetation cover [12], as well as portrays
the environmental impacts on vegetation
[13]. VCI estimates the Spatial and temporal
changes in vegetation and climatic impacts

on vegetation. VCI can identify the onset
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time, duration, and intensity of agricultural
drought [14]. In this study, the VCI is applied
to evaluate the weather impacts on vegetation
and to characterize the agricultural drought

epochs from the Landsat satellite images.

2-Material and Methods

Inthisstudy,droughtisdefinedbyacombination
of three components: (i) Precipitation; which
represents the rainfall deficit, (i1) vegetation;
which reflects the soil moisture condition
considering the Normalized Difference
Vegetation Index’s (NDVI) deficit and (iii)
Temperature; which includes the temperature
excess and high-temperature persistence.
Normalized Differential Vegetation Index.
The objective of remote sensing image
processing is essential to subsequent drought
analysis. For the images of NDVI, the Landsat
satellite data Landsat-5, 7 and 8 of different
dates were acquired and downloaded from
the website of USGS Earth Explorer for the
period 1985 to 2021 of the study area. This
was performed to apply operations on the raw
images including mosaicking, conversion,
transformation, and resampling. Landsat-5
ETM+ images for the period 1985-2001,
Landsat-7 ETM+ for the period 2002-2012
where the images acquired from Landsat-8

OLI were used in this study for the period
2013-2021. The images were checked for pre-
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processing error corrections and less than 10%
of cloud images were used in this analysis. All
the images were of 30.0 m spatial resolution
and 16-days temporal resolution to assure the
reliability of NDVI see (Fig. 1). For further
processing, the visible and NIR bands were
used for the NDVI calculation using the

following equation:

NIR — Red
R —— 1
NDVI NIR + Red ®

For this purpose, the NDVI annual mean
during the study period was calculated for
each year based on the following equation:
NDVimean=(NDVI{+NDVI2+ ........cuu..... NDVIn)/n  (2)

In the above equation, NDVImean is the
annual mean NDVI of a particular year and
NDVI 1 is for the first NDVI whereas, the
NDVIj, is the last NDVI of that particular
year. When NDVI values is less than 0.1, it
means that the vegetation is absent and so
lands are covered by bare soil, water or urban.
Average healthy vegetation is ranged from 0.3
to 0.7 whereas NDVI values exceeding 0.7 are
covered with high productivity of vegetation
as plants strongly absorb the red spectrum and
reflect the near infrared. High positive NDVI
values (green) mean high vegetation. While
water usually has negative NDVI values. In
general, urban features usually are near zero.
The NDVI ranges are shown in (Table 1).
The NDVI raster is analysed by the image
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analysis option and specifies the wavelength
information or a scientific output, then, saved
and exported as a layer

with a colormap function.

Table 1. NDVI values indication.

NDVI Range Colour Ramp Colour
-1.0to 0 Red and Orange I N
0to 0.4 Yellow r
0.41t0 0.6 Light Green D
0.61t0 1.0 Dark Green I e
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Fig.1 Satellite image derived from LANDSAT,
clipping Amman-Zarga Basin and producing the

classified NDV I values across the basin.

2.2 Vegetation Condition Index (VCI)

Agricultural drought (VCI) is calculated in
this study. VCI is used for characterizing and
monitoring drought severity and frequency
on spatial and temporal scales for historical
periods in Amman Zarqa Basin. The average
annual NDVIderived from the Landsat satellite
for the period of 1985 to 2021 was used for the
computation of VCI in this study. During real-
time computation within drought monitoring
images, the ArcGIS interface provided spatial
processing to interpret raster imagery across
different bands to derive VCI. The VCI was

calculated using the following equation.
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NDVI — NDVlIi,

VOl =100 X Ry ——NDVILn o)

Where the NDVI represents the current year
NDVI, the NDVI_min and NDVI_max are the
minimum and maximum NDVI pixel values in
the whole study period 1985-2021. The output
VCI values indicate the drought-affected or
advanced vegetation in wet years. The output
VCI values ranged from 0 to 100 where the
low value indicates stress, and the high value
shows unstressed or drought-free vegetation
areas [14]. The VCI values ranging from 0 to
15 indicate the area of extreme agricultural
drought, 15.1 to 30 showed severe agricultural
drought, 30.1 to 50 moderate drought, 50.1
to 70 mild drought and>70 indicate no
agricultural droughts [15, 16].

Based on the VCl-based drought category,
the drought frequency for each category was
calculated indicating that, during the study
period 1985-2021, how frequent drought
occurred in a specific pixel area in the Amman
Zarqa Basin region. The frequency of drought

was calculated based

n
f- N 4)
Where f denotes the frequency of drought, n
is the number of drought events that occur at

a specific pixel whereas N is the total study

period (1985-2021 = 36 years).

¥ aad) (ulidal) Aaa




3.Results and Discussion

3.1 NDVI Maps-3 Month

NDVI estimations were performed for AZB
to assess crop health and coverage based on
quarterly bases, each year 1985- 2022. NDVI
maps components are shown in (Fig.2). The
NDVI 3-month of 1985, 2005, 2015 and 2022
are illustrated in (Fig. 3). The highest average
NDVI of more than 0.7 (dark green band)
which indicated healthy vegetation was only
for the very insignificant north-western area
of the basin. This area remained the same over
decades particularly from Jan to March. The
averaged NDVI values from 0.3 to 0.7 were
distributed and substantially varied over the
first 6 months of the study period from Jan
to June extending north-western parts to the
middle area. These areas were sparse exposure
in a light green band which indicated light
vegetation coverage and healthiness. The bands
ranged from 0.0 to less than 0.3 are blushed
in yellow and orange which exemplified the
absence of weak scatterings of vegetation but
primarily bare soils and urban. These bands
were expanded from north to south-central
areas in the basin and appeared marginally
weak to no vegetation from July to November.
More than 60% of the basin was dominated
by the lowest NDVI values, the negative

estimations blushed in red to dark orange for
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bare soils, water and developing urban areas
all the time except during the second quarter in
2000 and 2003. As shown in (Fig. 3) indicated
NDVI-Maps 3 Months of 2005, the dark green
band brushed the high value of NDVI proofing
the healthy vegetation diminished in the north-
western area of the basin. This area lessened
over decades, particularly during the third
quarter of the year and extended turn the light
vegetation in north-western parts. The bands
ranged from -0.2 to 0.0 are blushed orange
which exemplified the absent vegetation and
dominating of bare soils and urban which
extended over the basin in the last decade for
more than 80% of the total area. A few minor
spots of dark green started to appear after 2015
showing new vegetative cover in the middle

of the basin.

Jan-March

July- Sept

NDVI Classes with color Codes

Fig.2. NDVI images for 3-month intervals after
pre-processing and classification with detailed

components.
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=7 NDVI represented in (Fig. 4) is the annual
average NDVI per year. As Amman Zarqa

Basin is arid to semi-arid region therefore

P S S S

i
|
i
H I
i
i
il
i
i

there is very little vegetation cover. Most of

the vegetation-covered area and some patches

are located on the western side while the

eastern side of the basin is mostly barren or

with some patches
of the study area while the lowest drought
frequency occurred in southeastern parts.

Fig.4. Drought frequency based on VCI Maps
1985-2021.
A. Mild Drought B. Moderate Drought C. Severe

Drought and D. Extreme Drought.

4.Conclusions
The objective of remote sensing images

Fig. 3. NDVI-3 Months Maps. o ]
processing is essential to subsequent drought

3.2 Spatiotemporal Distribution of the An- analysis. During real-time computation within
nual Normalized Difference Vegetation In- drought monitoring NDVI images, the ArcGIS
dex interface provided spatial processing to
The detailed spatiotemporal distribution of interpret raster imagery across different bands
NDVI during 1985-2021 was analysed in the  to derive VCI. Lower values of VCI and NDVI

study area of the Amman Zarqa Basin. The signified the drier conditions of the basin. All
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remotely sensed and in-situ drought indices
are substantially compatible to typify drought
severity and intensity, particularly for years
1987, 1991, 1999, 2000, 2006, 2009, 2011,
and 2012 drought events. Mapping of NDVI
and VCI helps to understand the distribution
of vegetation cover and healthiness. This
information is helpful for various applications,
such as assessing and monitoring the effect of
land cover change on vegetative production,
identifying areas suitable for specific crops,
predicting future crop yield and providing
insights into the economic social and
environmental factors affecting LULC change
in the basin. The reduction of vegetation and
expanding build-up areas faster the increase in
drought severity. This advocates sustainable
land use to manage drought at the field and

regional levels.
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Oil Spill Detection and Quantification Using Sentinel-1 SAR Data
and Google Earth Engine

Eng. Mo’ath Etoom
Royal Jordanian Geographic Centre

Abstract

This study presents a robust methodology for
automatedoilspilldetectionandquantification
using Sentinel-1 Synthetic Aperture Radar
(SAR) data within the Google Earth Engine
(GEE) cloud computing platform. The
research focuses on Mediterranean coastal
waters, implementing statistical thresholding,
spatial filtering, and vector analysis to detect
and quantify marine oil pollution. The
algorithm successfully identified two major
oil patches with a total area of 23.24 km?,
representing 3.74% of the 621.86 km? study
area. The methodology demonstrates high
computational efficiency, processing large
datasets in under three minutes, and provides
a reproducible framework for environmental
monitoring agencies. The results highlight
the potential of SAR data combined with
cloud computing for near-real-time oil
spill monitoring and rapid environmental
assessment.

Keywords: Oil spill detection, Sentinel-1

SAR, Google Earth Engine, Remote sensing,
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1-Introduction

Marine oil spills represent significant
environmental hazards with severe ecological
and economic consequences. Traditional
monitoring methods often lack the spatial
coverage and temporal frequency required for
effective spillmanagement. Synthetic Aperture
Radar (SAR) has emerged as a powerful tool
for oil spill detection due to its all-weather,
day-night imaging capabilities and sensitivity
to sea surface roughness variations. However,
processing large volumes of SAR data requires
substantial computational resources.

Google Earth Engine (GEE) provides
a revolutionary platform for planetary-
scale environmental data analysis, offering
unprecedented access to satellite imagery
and cloud computing capabilities. This study
leverages GEE to develop an automated
workflow for oil spill
SAR data,

technical and operational challenges in marine

detection using

Sentinel-1 addressing both

pollution monitoring.
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1.1 Study Objectives
1. Develop an automated oil spill detection
algorithm using Sentinel-1 SAR data

2. Implement statistical thresholding methods
for robust spill identification

3. Quantify spatial characteristics of detected
oil spills

4. Evaluate algorithm performance and
computational efficiency

5. Provide a reproducible framework for
environmental agencies

2. Study Area and Data
2.1 Study Area

* Location: Mediterranean coastal waters
* Coordinates:32.3374°N-32.5956

°N, 31.3565°E-31.5849°E (Figure 1)

* Total Area: 621.86 km?

» Coastal Characteristics: Shallow coastal wa-
ters with moderate marine traffic

Figure 1: Mediterranean Sea - North Sinali,

Egypt

2.2 Data Sources

2.2.1 Sentinel-1 SAR Data

« Satellite: Sentinel-1 (ESA Copernicus Pro-
gram).

* Sensor: C-band SAR (5.405 GHz)
* Polarization: VV (Vertical-Vertical)

) L Bl S5l

* Mode: Interferometric Wide Swath (IW)
* Resolution: 10 m x 10 m (ground range)
» Temporal Coverage: October 2014 -
October 2015

» Filtering Criteria:

- October acquisitions only (optimal wind
conditions)

- 4th day of each month (consistent temporal
sampling)

- VV polarization (optimal for oil spill detec-
tion)- IW mode (standard imaging mode)

2.2.2 Processing Platform

* Platform: Google Earth Engine

*Processing: Cloud-based distributed com-
puting

a ?torage: Approximately 500 MB of SAR
ata

*Computation Time: < 3 minutes
3. Methodology

3.1 Algorithm Workflow

The detection algorithm follows a seven-step process
(Figure 2):

1. Data Acquisition = 2. Pre-processing + 3. Speckle Filtering
i

4. Statistical Analysis -+ 5. Threshold Determination
i

6. Spatial Filtering = 7. Vector Analysis

3.2 Pre-processing Steps

3.2.1 Data Filtering and Mosaicking
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var senl = ee.ImageCollection("COPERNICUS/S1_GRD")
.select('VV')
filterDate('2014','2015")
filterBounds(roi)
filter(ee.Filter.calendarRange(10, 10, 'month'))
filter(ee.Filter.calendarRange(4, 4, 'day_of _month'))
filter(ee.Filter.listContains('transmitterReceiverPolarisation','VV'))
filter(ee.Filter.eq('instrumentMode','IW"))

.mosaic();

3.2.2 Speckle Noise Reduction
* Method: Focal mean filter

 Kernel Size: 100 m < 100 m
* Kernel Shape: Square

*Effect: Reduces SAR speckle while preserving
edges

3.3 Statistical Analysis

3.3.1 Comprehensive Statistics

var stats = despeckel.reduceRegion({
reducer: ee.Reducer.mean()
.combine({reducer2: ee.Reducer.stdDev(), sharedInputs: true})
.combine({reducer2: ee.Reducer.minMax(), sharedInputs: true})
.combine({reducer2: ee.Reducer.percentile([1, 5, 10, 25, 50, 75, 90, 95, 99]), sh
aredInputs: true}),
geometry: roi,
scale: 100,
bestEffort: true,

maxPixels: 1e9

3.3.2 Threshold Selection
* Baseline Threshold: -21.5 dB

« Statistical Basis: Below 5th percentile
(-19.68 dB)

» Rationale: Conservative threshold to mini-
mize false positives

» Comparison: Multiple thresholds evaluated
for sensitivity analysis

3.4 Spatial Processing

3.4.1 Binary Classification
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var oilMask = despeckel.lt(threshold); // -21.5 dB

3.4.2 Size Filtering
* Minimum Patch Area: 0.02 km?

* Purpose: Eliminate noise and small false
positives

* Connected Pixel Count: 100 m neighbor-
hood

3.4.3 Morphological Smoothing

* Method: Focal mode filter

 Kernel Size: 50 m x 50 m

* Purpose: Smooth patch boundaries and re-
move artifacts

3.5 Vectorization and Quantification

3.5.1 VVector Conversion

var oilVectors = smoothedMask.updateMask(smoothedMask).reduceToVectors ({

geometry: roi,

scale: 10, // High resolution conversion
geometryType: 'polygon',

eightConnected: false,

maxPixels: 1e9,

bestEffort: true

3.5.2 Area Calculation Methods

1.Pixel-based Area: Direct pixel counting with
area weighting

2. Vector-based Area: Geometric area calcula-
tion from polygons

3. Validation:
methods

Cross-comparison between

3.6 Accuracy Assessment

3.6.1 Internal Consistency

* Pixel-vector agreement assessment
* Threshold sensitivity analysis

* Spatial pattern validation
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3.6.2 Performance Metrics
* Detection ratio (pixels)

» Computational efficiency
* Processing reliability

4. Results

4.1 Statistical Analysis Results
Table 1: SAR Backscatter Statistics

e Minor Patch: 0.24 km? (1.03% of total spill)
e Spatial Density: 0.0032 patches/km?

e Concentration Index: 0.99 (highly concen-
trated)

4.3.2 Geometric Properties

Average Area: 11.62 km?

Parameter Value (dB) Significance Area Ratio (Major/Minor): 95.83:1
Mean -17.82 Basahﬁ;ﬁgk“m“er Perimeter-to-Area Ratio (Major): ©.085 km~1
Standard Deviation 1.32 Data variability Perimeter-to-Area Ratio (Minor): ©.216 km=*
Minimum -25.00 Minimum measurable
Maximum 0.00 Maximum sawration | 4.4 Threshold Sensitivity Analysis
. Reference for oil
5th Percentile -19.68 . .
detection Table 3: Threshold Comparison
10th Percentile -18.31 Alternative threshold Threshold Detected Change from Detection Characteristics
Selected Threshold -21.50 Conservative detection (dB) Area (km?) -21.5dB
Dynamic Range 25.00 Full measurement range -21.50 23.24 Baseline Conservative, low false
(Selected) ' positives
-19.68 More sensitive, higher
. (5th pct) 2515 8.2% risk of false positives
4.2 Detection Resu ItS -18.31 8.92 61.6% Conservative, potential
. . . (10th pct) : R under-detection
Table 2: Oil Spill Detection Summary —
-20.00 15.78 -32.1% Moderate sensitivity
Metric Value Unit Description
Study Area 621.86 km2 Total monitoring
aren 4.5 Accuracy Assessment
Detected Oil 23.24 km? Total spill .
Ares coverage 4.5.1 Internal Consistency
Spill Percent- 3.74 % i . .
I ’ Relative * Pixel-Vector Agreement: 99.85% (high con-
g pollution extent .
Number of 2 count Individual spill | S1Stency)
Patches objects . . . .
. ) * Area Difference: <0.01% (minimal discrep-
Major Patch 23.00 km? Primary spill
Area (99% of total) ancy)
Minor Patch 0.24 km? . . .
Area " Secondary spill | * Spatial Overlap: >99% (excellent alignment)
Det.ection 3.74 % Pixel-based .
Ratio coverage 4.5.2 Computational Performance
Processing <180 seconds Computational .
Time efficiency  Data Volume Processed: ~5 GB equivalent

4.3 Spatial Characteristics

4.3.1 Patch Distribution

e Major Patch: 23.00 km? (98.97% of total
spill)

A S B ) 8

* Memory Usage: <2 GB peak
*Processing Reliability: 100% successful runs

* Scalability: Linear scaling with area

4.6 Visualization Results
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A. Original Sentinel-1 VV image showing

backscatter variation
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Figure 3: Detection Results Visualization

5. Discussion
5.1 Methodological Insights
5.1.1 Threshold Selection Strategy

The selected threshold of -21.5 dB, posi-
tioned below the 5th percentile (-19.68 dB),
represents a conservative approach to oil spill
detection. This strategy effectively balances
detection sensitivity with false positive reduc-
tion. The 1.82 dB margin below the statistical
reference provides robustness against natural
variability in sea surface backscatter.

5.1.2 Spatial Processing Effectiveness

The combination of size filtering (0.02 km?
minimum) and morphological smoothing pro-
duced clean, well-defined spill boundaries.
The two-stage filtering approach successfully
eliminated speckle artifacts while preserving
genuine spill signatures.
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5.1.3 Computational Efficiency

The GEE platform demonstrated exceptional
performance, processing multi-temporal SAR
data in under three minutes. This represents
a significant improvement over traditional
desktop processing methods, which often re-
quire hours or days for similar analyses.

5.2 Detection Performance

5.2.1 Spill Characteristics

The detection of two distinct spills with vastly
different sizes (23.00 km? vs. 0.24 km?) sug-
gests either multiple spill events or fragmen-
tation of a single spill by marine currents. The
dominance of one large patch (99% of total
area) indicates a major spill event requiring

immediate attention.

5.2.2 Environmental Implications

* Impact Assessment: 3.74% surface coverage
represents moderate pollution

* Ecological Risk: Proximity to coastline in-
creases ecological vulnerability

* Cleanup Priority: Major patch requires im-

mediate containment efforts.

5.3 Comparison with Previous Studies
Table4:ComparativeAnalysiswitLiterature

. Detected | Detection
Study Location Method e Rate Platform
. Google
. Mediterranean SAR 23.24
This Study Sea thresholding K2 3.74% Ear‘th
Engine
Garcia-
Pineda et North Sea | SAR + ML 1k5n:320 2.50% st?;:rls
al. (2020)
Sun et al. Gulf of Optical + | 45.20 720% Cloud
(2022) Mexico SAR km?2 Y70 | computing
Chen et al. | South China SAR
(2023) Sea thresholding 8.90 km?| 1.40% HPC
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5.4 Methodological Limitations

1. Threshold Dependency: Detection sensitiv-
ity depends on threshold selection

2. Wind Conditions: High wind speeds may
mask oil signatures

3. Natural Look-alikes: Biogenic films may
cause false positives

4. Temporal Gaps: Sentinel-1 revisit time lim-

its continuous monitoring

6. Conclusions

6.1 Key Findings

1. Successful Detection: The algorithm suc-
cessfully detected oil spills covering 23.24
km? (3.74% of study area)

2. High Efficiency: Cloud processing com-
pleted in under three minutes

3. Robust Methodology: Statistical threshold-
ing provided reliable detection

4. Scalable Solution: The framework is scal-
able to larger regions and time periods

6.2 Operational Recommendations

1. Implement Routine Monitoring: Weekly
automated scanning of sensitive areas

2. Establish Alert System: Real-time notifica-
tions for spill detection

3. Integrate with Response Plans: Direct link-
age to cleanup operations

4. Maintain Historical Database: Long-term
spill tracking and analysis

¥ o) Gulidall ddaa
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Abstrrct

Soil erosion is a critical environmental issue
in Jordan, particularly due to the country’s
fragile ecosystems, steep slopes, and vary-
ing climatic conditions. It poses significant
threats to agricultural productivity, natural re-
source conservation, and land sustainability.
This study aims to provide a detailed spatial
assessment of soil erosion risk across Jor-
dan and identify erosion-prone zones to sup-
port informed decision-making in land man-
agement. The Revised Universal Soil Loss
Equation (RUSLE) model, integrated with
Geographic Information System (GIS) tools,
was employed to estimate soil loss and map
erosion severity. The model incorporated es-
sential factors including rainfall erosivity, soil
erodibility, slope length and steepness, vege-
tation cover, and conservation practices. Ero-
sion rates were categorized into three classes:
low (0-10 tons ha-1 year-1), moderate (10-50
tons ha-1 year-1), and high (>50 tons ha-1
year-1). Results revealed that 94% of Jordan’s
land is subject to low erosion risk, 5% to

moderate risk, and approximately 1% to high
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risk. The areas most vulnerable to erosion are
located in the northern and central highlands
and parts of the Jordan Valley, primarily due
to their steep topography and higher precipi-
tation levels. This study demonstrates the ef-
fectiveness of integrating RUSLE with GIS to
identify critical erosion hotspots and inform
targeted soil conservation strategies, contrib-
uting to more sustainable land use planning in

arid and semi-arid regions like Jordan.

1.Introduction

Soil erosion plays a pivotal role in the wide-
spread degradation of land in arid and semi-
arid regions, such as Jordan (Alkharabsheh et
al., 2023; Olika et al., 2023). Various factors,
including traditional agricultural practices, de-
clining precipitation, rising temperatures, and
evolving land use, have heightened the sus-
ceptibility of soils to erosion (Aideh & Sheta,
2025; Ebabu et al., 2022; Heryani et al., 2023;
Li & Fang, 2016; Rahman et al., 2017; Ziadat
& Taimeh, 2013). Climatic fluctuations, such
as changes in rainfall intensity and frequency
(Martel et al., 2021), also influence soil and
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water resources, thereby affecting rainwater
harvesting techniques and leading to soil loss
(P. Borrelli et al., 2017; Borrelli et al., 2020).
Projections indicate that an increase in the fre-
quency of rainstorms will exacerbate SE and
land degradation (Liu et al., 2022). Moreover,
soil erosion can result in the contamination
of freshwater bodies with agricultural chemi-
cals, thereby depleting the oxygen supply
in wetlands, canals, streams, and coral reef
ecosystems (Rashmi et al.,2022). Addressing
these concerns is essential for comprehending
the response of soil erosion, land availability,

and crop yields to global changes.

In Jordan, the severe geomorphological and
climatic conditions have increased soil sus-
ceptibility to wind and water erosion. This
environmental problem poses a threat to Jor-
dan's ecosystems, leading to desertification,
reduced crop yields, decreased water quality,
and increased sedimentation of water reser-
voirs and aquatic habitats (Ziadat & Taimeh,
2013). Currently, predicting and identifying
areas prone to soil erosion using modeling
techniques is crucial for mitigation efforts.
The Revised Universal Soil Loss Equation
(RUSLE) model, a widely used approach,
incorporates various factors like rainfall,
soil texture, slope, erosion history, and land
use types to generate erosion maps (Bonilla-

Bedoya et al., 2017; Panagos et al., 2015; Re-
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nard et al., 1997). In Jordan, the severe geo-
morphological and climatic conditions have
heightened soil susceptibility to both wind
and water erosion, exacerbating soil degrada-
tion and leading to widespread desertification.
This environmental challenge has contributed
to reduced agricultural productivity, dimin-
ished water quality, and increased sedimenta-
tion in water reservoirs and aquatic habitats
(Ziadat & Taimeh, 2013). Land degradation
in Jordan is driven by factors such as over-
grazing, deforestation, improper agricultural
practices, urbanization, and climate change,
with approximately 10-12% of the land being
arable and over 80% classified as degraded to
some degree (Makhamreh, 2019). Most of the
degraded land is in the semi- arid and arid re-
gions, particularly in the Badia region and the
Jordan Valley, where wind and water erosion
are major concerns. Key factors contributing
to degradation include soil erosion, which re-
duces soil fertility and crop yields; overgraz-
ing, particularly in the eastern Badia region,
leading to loss of vegetation and soil structure;
deforestation, which exacerbates soil erosion
and reduces natural water retention; climate
change, causing more erratic rainfall patterns
and drier conditions; and urbanization, which
disrupts natural water drainage and contrib-

utes to land sealing and compaction. Land use
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distribution in Jordan shows that around 65%
of the land is used for grazing, while 15% is
cultivated for crops, with the remaining land
being either forested or urbanized. The Badia
region, once a crucial pastoral zone, is now
increasingly degraded due to unsustainable
grazing practices. To deal with these prob-
lems, modeling tools like the Revised Univer-
sal Soil Loss Equation (RUSLE) are needed
to find areas that are likely to erode. These
tools look at things like rainfall, soil texture,
slope, past erosion, and land use types. This
helps make detailed erosion maps that can be
used for better land management and plan-
ning how to stop erosion (Al et al., 2023;
Bonilla-Bedoya et al., 2017; Panagos et al.,
2015; Renard et al., 1997; Zhang et al., 2024).

This model estimates the annual rate of soil
loss by incorporating key variables such as
soil erodibility, rainfall-runoft erosivity, topo-
graphic characteristics, and land management
practices. It is highly regarded for its capabil-
ity to evaluate both sheet and rill erosion and
has gained wide acceptance for assessing soil
degradation (Renard et al., 1997). Numerous
studies have expanded our understanding of
erosion dynamics in Jordan's varied terrains.
For instance, Al-Sheriadeh et al. (2000) ap-
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plied the RUSLE model in northern Jordan,
reporting annual soil loss ranging from 0 to
75 tons ha' yr!, with the most severe losses
occurring in steep, cultivated regions. Their
findings emphasized the role of slope and
land use as critical determinants of erosion se-
verity. Further investigations by Farhan et al.
(2013) integrated RUSLE with GIS tools in
the Zarqa River watershed, revealing that ap-
proximately 33% of the area faced moderate
to severe erosion risks (exceeding 10 tons ha'
yr'). The study demonstrated a strong asso-
ciation between erosion intensity and the LS
factor, especially in agricultural zones situat-
ed on steep slopes. Advancements in geospa-
tial analysis, as highlighted by Panagos et al.
(2015) and Bonilla-Bedoya et al. (2017), have
significantly enhanced the capacity to detect
and evaluate erosion-vulnerable regions. RU-
SLE’s user-friendly framework supports the
incorporation of high-resolution inputs, in-
cluding satellite-derived land cover and digi-
tal elevation models (Panagos et al., 2015).
The innovative aspect of this study lies in its
integration of RUSLE with GIS to generate a
detailed soil erosion risk map for Jordan—a
country marked by arid to semi-arid condi-
tions. Unlike broader assessments, this study

emphasizes spatial precision by identifying
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erosion hotspots, particularly in critical areas
like the Jordan Valley and Northern Highlands.
This targeted approach offers valuable guid-
ance for sustainable land management and
soil conservation in regions previously under-
represented in erosion studies. Thus, this re-
search aims to model water-induced soil ero-
sion using RUSLE within a GIS framework,
culminating in the development of a national

erosion risk map for Jordan.

Legend
i:l Jordan Governorates

Figure 1:Jordan Govermorates

2. MATERIAL and METHODS

2.1.Study Area
Jordan is situated at 31°00 N, 36°00 E as

seen in Figure 1. The desert covers 90% of
the country's land area. However, the northern
area is regarded as part of the Fertile Crescent.
Jordan has warm, dry summers and moderate,
rainy winters. The average yearly tempera-
ture ranges between 12 and 25°C, with de-

sert sections seeing temperatures as high as

40 °C. Rainfall ranging from 50 to 600 mm
23 ¥y asml) (ubial) ddaa

in the desert northern highlands respectively

(source: Jordan Meteorological Department
1990-2019) (Jordan Meteorological Depart-
ment, 2025).

2.2. Data Sets

The Revised Universal Soil Loss Equation
(RUSLE) is a well- established and exten-
sively applied model designed to estimate
soil erosion caused by water, with particular
emphasis on predicting the long-term average
annual soil loss. The model utilizes several in-
put parameters that are derived from various
sources, including Digital Elevation Models
(DEM), field survey data, land use classifica-
tions, rainfall records, and Normalized Dif-
ference Vegetation Index (NDVI) values. As
outlined in Equation 1, these parameters col-
lectively represent the key physical and en-
vironmental factors influencing soil erosion
processes. The model is formulated according
to Equation 1 (Li et al., 2021; Thapa, 2020).

[1]

Where A = Solil loss (ton/ha/year), R = Rain-

A=R*xKx(LxS)xCxP

fall erosivity factor, K = Soil erodibility fac-
tor, L = Slope length factor, S = Slope steep-
ness factor, C = Cover management factor, P

= Support practice factor.
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2.2.1. Rainfall Erosivity (R factor)

The rainfall erosivity factor (R) (Andriyani et
al., 2024) It is an indicator of potential water
erosion risk and is defined as the capacity of
rainfall to generate soil loss via water. R is
often determined by taking a long-term aver-
age of a storm's annual total of kinetic energy
(E) and maximum 30-minute intensity (130),
also known as EI30. The standard interna-
tional unit (SI) for R 1s (MJ. mm / ha.h.yr).
The main factors affecting the R are the to-
tal annual amount, average monthly intensi-
ties during months with a high frequency of
erosive rain, and the energy of rainfall during
erosive storms (Ssewankambo et al., 2023).
R refers to soil properties that influence the
rate of rainwater infiltration and susceptibil-
ity to detachment. The properties that affect
susceptibility to detachment and soil mat-
ter transport include organic matter content,
texture, profile structure, permeability, stone
content, moisture content, and temperature.
In the present study, the R is computed us-
Ing a precipitation map created from precipi-
tation data (1990-2019), source of data: Jor-
dan metrological department, as mentioned in
Equation 2, and the equation to estimate R as

Equation 2.

R -23.61 x €0.0048p  [2]
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Where P is the annual long-term rainfall (mm).
Figure 2 shows the values of the R factor (MJ.
mm / ha-1 h-1 year-1).

2.2.2. Soil Erodibility Factor (K)

The soil erodibility factor (K) quantifies the
susceptibility of soil particles to detachment
and transport by water runoff during rainfall
events (Ke & Zhang, 2022; Luvai et al., 2022).
This factor is primarily influenced by charac-
teristics such as soil texture, organic matter
content, structure, and permeability (Thapa,
2020). The K value is typically estimated us-
ing the nomograph developed by Wischmeier
and Smith (1978), as shown in Equation 3. In
this study, data from soil laboratory analyses
conducted on field samples were employed as

inputs for the K factor calculation (Eq. 3)

R factor

. High : 420

Low : 50

C3 Jordan

o Deadsea

Figure 2. R factor
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K factor
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Figure 3. K factor

K =27.66m1.14 x 10 — 8 x (12 — a) + 0.0043 x (b —2) +
0.0033 X (c — 3) 3]

Where K is the soil erodibility factor (ton ha
h ha-1 -MJ-1 mm- 1), m: is particle size pa-
rameter (% silt + %very fine sand) * (100 - %
clay), a: is the organic matter content (%), b:
Is soil structure code used in soil classifica-
tion, c: is the soil permeability class. The unit
for the K factor is t ha h ha—1 MJ—1 mm—1.

The result K is shown in Figure 3.

The soil erodibility factor was calculated us-
ing the nomograph developed by Wischmeier
and Smith (1978) based on soil texture. Ac-
cording map units available in the National
Soil Map and Land Use Project (1994) (Jor-
dan Ministry of Agriculture, 1994), we ob-
tained the soil texture, % silt + very fine sand,

% sand.
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2.2.3. Slope Length and Steepness Factor
(LS)

The Slope Length and Steepness (LS) factor
reflects the combined topographic parameters
(Thapa, 2020) The parameters L and S are
used to quantify the effects of slope angle and
slope length on erosion (Thapa, 2020). The
L factor is the distance between the runoff
source and the point when deposition begins,
or when runoff is channelled into a particular
channel. The LS factor was calculated using
the DEM, which included slope in degrees,
flow direction, and flow accumulation, as
shown in Equation 4, and Figure 4 shows the
LS value.

LS = Pow([FlowAcc]) X resolution/22.1, 0. 6) X

Pow(sin([Slope Degree]) x 0.01745)/0.09, 1. 3)

[4]
2.2.4. Support Practice (P Factor)

The support practice factor (P) indicates the
ratio of soil loss caused by a particular sup-
port practice to soil loss caused by traditional
up-and-down cultivation methods. This con-
touring method is used with P values of 1 be-
cause there is no geographic representation
indicating the actual locations of these prac-
tices. To integrate this information into a GIS,
a database of georeferenced support practices
would need to be established along with the

corresponding P-factor values.
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2.2.5. The Cover Management C Factor

In the RUSLE, vegetation cover is quantified
using the cover management factor (C-factor),
which reflects the impact of plant cover on
soil erosion potential (Wischmeier & Smith,
1978). The C-factor ranges from 0, represent-
ing full vegetation cover with minimal ero-
sion risk, to 1, indicating bare soil with maxi-
mum susceptibility to erosion. This factor is
influenced by both the extent of vegetation
and its developmental stage. To derive the
C-factor for this study, high-resolution Senti-
nel-2 satellite imagery (10-meter spatial reso-
lution) was utilized to generate Normalized
Difference Vegetation Index (NDVI) maps.
These NDVI maps were processed using re-
mote sensing techniques to estimate vegeta-
tion density across the study area. According
to Essa (2004), a C-factor value of 0.35 is ap-
propriate for Jordanian rangelands. Land cov-
er data were reclassified in ArcGIS based on
assigned C values using the “Look Up” tool,
thereby enabling the generation of a spatially
explicit C-factor layer. This process required
first creating a land cover map and then as-

signing appropriate C values to each category,
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which were then used to reclassify the data ac-
cordingly. The RUSLE model calculates the
C-factor through multiple subcomponents,
including the effects of surface residue, plant
canopy, soil roughness, and soil moisture (Fe-
lix et al., 2023; Renard et al., 1997). Figure 5
presents the final C-factor distribution across

Jordan.

N Slope Length and Steepness

Factor
A — High : 380
— w20
C23 Jordan
@@ Deadsea

X Jordan
@ Deadsea

Figure 5. Cover Management (C) Factor Map of
Jordan
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3. Results

3.1. Overview of Soil Erosion Classes

The RUSLE model integrated with GIS tools
was utilized to generate a soil erosion map
for Jordan. The land was classified into three
erosion risk categories: low (0—-10), moder-
ate (10— 50), and high (>50) tons ha-1 yr-1.
Based on the findings, approximately 94% of
Jordan's land area falls within the low erosion
category, with 5% falling under the moderate
erosion category, and around 1% classified
as high erosion (Table 1). This classification
demonstrates that while the majority of the
country experiences relatively low erosion
rates, specific regions, particularly those with
higher precipitation levels and steeper slopes,
are significantly more susceptible to severe

erosion.

3.2.Spatial Distribution of Soil Erosion

Figure 6 presents the spatial distribution of
soil erosion rates across Jordan, highlighting
the most at-risk areas. The low erosion rates
(0-10 tons ha-1 yr-1) are predominant in
the desert regions and areas with low slopes
and minimal annual rainfall. Conversely, the
moderate erosion rates (10—50 tons ha-1 yr-1)
are found primarily in parts of the highlands
in the north and central regions, as well as in

parts of the Jordan Valley.
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Table 1. Area Percentage of Erosion Hazard
Classes

Ersion haz- | Area percentage Soil loss rate
ard (%) (tons ha-1 yr-1)
Low 94 10-0
Me- 5 10-50

dium
High 1 >50

The highest erosion rates (>50 tons ha-1 yr-1)
are localized in areas characterized by steep
slopes and high rainfall, particularly in the
northern highlands and the Jordan Valley, as
depicted in Figure 6. Figure 6 illustrates the
soil erosion hazard across Jordan, showing
the critical areas where soil erosion exceeds
50 tons ha-1 yr-1. These hotspots, primarily
located in the northern highlands and the Jor-
dan Valley, indicate regions where soil con-
servation measures are urgently needed. The
severity of erosion in these areas is likely due
to the combination of steep slopes, high rain-
fall intensity, and vulnerable soil types, which
collectively contribute to accelerated soil loss
(Wischmeier & Smith, 1978).

3.3. Identification of Erosion Hotspots

Identifying erosion hotspots is essential for
implementing effective soil conservation
strategies. As shown in Figure 7, these hot-
spots are areas with moderate to high erosion
risk, where annual soil loss surpasses 50 tons

ha™! yr'. Such zones are predominantly found
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in the Jordan Valley and the highland regions,
where a combination of high rainfall erosivity
(R factor), steep terrain (LS factor), and lim-
ited vegetation cover (C factor) contributes to
intense erosion. Figure 7 highlights the need
for prioritizing these zones in conservation
planning to curb ongoing land degradation.
In these vulnerable areas, applying interven-
tions such as afforestation, terracing, and con-
tour farming could play a significant role in
reducing erosion rates and maintaining land
productivity. Moreover, these areas should be
prioritized for future research and monitor-
ing to ensure that conservation strategies are
effectively reducing erosion rates (Pasquale

Borrelli et al., 2017).

3.4. Implications for Land Management

The spatial analysis of soil erosion across Jor-
dan highlights the need for targeted soil con-
servation practices, particularly in identified
hotspots. Implementing reforestation, terrac-
ing, and contour plowing measures in these
areas could significantly reduce soil loss and
enhance land productivity. Moreover, inte-
grating detailed data on support practices (P
factor) into future models would improve the
accuracy of erosion risk assessments and help

formulate more effective land management

strategies.
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4.Discussion

Integration of the RUSLE model with GIS
tools enabled the development of a compre-
hensive soil erosion map for Jordan, dividing
the country into three erosion risk categories:
low, moderate, and high. This approach high-
lights the utility of advanced modeling tech-
niques in addressing soil conservation chal-
lenges and is consistent with recent advances
in spatial erosion assessment methods (Khan

& Rahman, 2024).

Spatial analysis of soil erosion patterns across
Jordan provides important insights into en-
vironmental sustainability and agricultural
productivity. The integration of RUSLE with
GIS, as demonstrated by Farhan and Nawaiseh
(2015), provides a robust methodological
framework for spatially assessing erosion
risks. This approach is instrumental in identi-
fying high-risk areas, particularly those influ-
enced by steep slopes and land-use changes,
facilitating targeted conservation measures.
As shown in Figure 6, desert regions experi-
ence low erosion rates due to minimal rainfall

and gentle slopes.
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However, hotspots have been identified in
highland areas and the Jordan Valley, where
soil erosion poses significant risks. These re-
sults confirm previous studies by Alkharab-
sheh et al. (2013) and Al-Wadaey and Ziadat
(2014), which highlight the vulnerability of

semiarid landscapes to soil degradation.

The analysis shows that 94% of Jordan's land
area is affected by low-level erosion, espe-
cially in arid and semi-arid regions charac-
terized by flat terrain and sparse vegetation.

Moderate erosion affects 5% of the area,

while severe erosion is concentrated in 1%
29 Pyl (ubdal) Aae

of the land, typically in regions with steep
slopes and higher rainfall (Table 1). Farhan
and Alnawaiseh (2018) highlighted the signif-
icant influence of rainfall erosivity on erosion
patterns, with seasonal and annual variability
playing a critical role. Their findings align
with the hotspots identified in the northern
highlands and Jordan Valley, where intense
rainfall events exacerbate soil loss. This dis-
tribution is consistent with global evidence
linking topographic and climatic factors to
the intensity of soil erosion (Mousavi et al.,
2023). Moderate erosion rates found in the
northern and central highlands and parts of
the Jordan Valley highlight the interplay be-
tween precipitation, slope gradient, and soil

displacement.

Erosion hotspots, located mainly in the high-
lands and Jordan Valley, are caused by high
rainfall erosivity (R factor), steep slopes (LS
factor), and sparse vegetation (C factor).
These conditions exacerbate land degradation
and threaten agricultural productivity. Figure
7 illustrates these vulnerable areas and high-
lights the need for targeted interventions. Re-
cent studies, such as Al-Shabeeb et al. (2018)
point out that extreme weather events further
exacerbate these risks and require proactive

soil management strategies.
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Implementing soil conservation measures
such as reforestation, terracing and contour
plowing is critical to reducing the risk of ero-
sion. Research demonstrates the effectiveness
of these measures in improving soil reten-
tion and ecosystem services. For example,
Angulo-Martinez and Barros (2015) reported
a reduction 1n soil loss of up to 80% through
integrated conservation strategies. Similarly,
Panagos et al. (2015) highlighted the benefits
of combining multiple conservation tech-
niques to increase land productivity and sta-
bility.

The spatial variability of soil erosion in Jor-
dan requires regionally specific protective
measures. In high-risk areas in the northern
highlands and Jordan Valley, interventions
such as reforestation and terracing can mini-
mize runoff, while contour plowing improves
soil retention. Incorporating the support prac-
tice factor (P factor) into future assessments
will refine erosion models and support more

effective management strategies (Panagos et

al., 2022).

Comparative studies in the Mediterranean and
Ethiopian regions with analogous climatic and
topographical conditions confirm the results
in Jordan. In these regions, high erosion rates
often occur in steep slope areas with intense

rainfall and sparse vegetation (Panagos et al.,
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2015; Wolka et al., 2015). This cross-regional
consistency highlights the universality of soil
erosion drivers and highlights the importance
of tailored conservation approaches. Climate
variability significantly impacts soil erosion,
especially in Jordan's semi-arid environment.
Projections for the Mediterranean region sug-
gest increased rainfall intensity and reduced
frequency, exacerbating erosion risks in vul-
nerable areas (Rodrigo- Comino et al., 2018).
These changes necessitate adaptive soil con-
servation strategies to mitigate potential im-

pacts.

Addressing areas at high risk of erosion re-
quires targeted conservation measures, in-
cluding reforestation, terracing, and contour
plowing. These interventions have shown
significant effectiveness in reducing soil loss
(Angulo- Martinez & Barros, 2015; Mont-
gomery, 2007).

advanced technologies such as remote sens-

Furthermore, integrating
ing and machine learning can improve the
accuracy of erosion prediction and identify
subtle risk patterns (Arabameri et al., 2019).
Incorporating socioeconomic factors into ero-
sion models will provide a comprehensive
understanding of impacts on local communi-
ties, supporting sustainable land management

(Keesstra et al., 2018).
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5. Conclusion

This study highlights the critical role of spa-
tial analysis in understanding and managing
soil erosion risks in Jordan. By integrating the
Revised Universal Soil Loss Equation (RU-
SLE) with Geographic Information Systems
(GIS), a comprehensive soil erosion map was
generated, revealing the spatial distribution of
erosion risks across the country. The results
show that approximately 94% of Jordan’s
land area falls under low erosion risk (0-10
tons ha™! yr'), while 5% and 1% are catego-
rized as moderate (10-50 tons ha™ yr') and
high erosion risk areas (greater than 50 tons
ha™' yr'), respectively. This indicates that,
while the majority of the country experiences
relatively low erosion rates, specific regions,
particularly in the northern highlands and the
Jordan Valley, are highly susceptible to severe

erosion.

The spatial distribution analysis revealed that
low erosion rates are predominantly found
in desert areas and regions with low slopes
and minimal rainfall. In contrast, the mod-
erate and high erosion rates are associated

with areas of steeper terrain, higher rainfall,

31 ¥ asl) Guldal) daa

and more intensive land use, especially in the
northern highlands and Jordan Valley. These
areas, identified as erosion hotspots, face sig-
nificant soil loss, with rates exceeding 50 tons
ha™! yr!, underscoring the urgent need for tar-
geted soil conservation efforts.

To mitigate the risks of soil degradation, it is
crucial to focus on conservation measures in
these high-risk regions. Recommended inter-
ventions include reforestation, terracing, con-
tour farming, and the establishment of vegeta-
tive cover to stabilize soil and reduce erosion.
In moderate-risk areas, sustainable agricul-
tural practices such as controlled grazing and
soil cover restoration should be promoted to
prevent further erosion. Additionally, the use
of advanced technologies such as GIS and
remote sensing can enhance real-time moni-
toring of soil erosion and improve decision-

making for land management.

The findings of this study emphasize the im-
portance of integrated soil erosion manage-
ment, combining technological tools with
on-the-ground conservation efforts. Collabo-
rative efforts between government agencies,

local communities, and environmental organ-
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izations are essential to ensure the effective
implementation of soil conservation practic-
es. The adoption of policies that encourage
sustainable land-use practices and the restora-
tion of degraded areas will be critical to re-
ducing soil erosion and maintaining Jordan’s
agricultural and natural landscapes for future
generations.
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GIS-Based Hydrological Assessment of Flash Flood Risk in Jordan

Dr.Lubna Mustafa AlMahasneh

National Agricultural Research Center

1.Introduction

Flash flood is among the most catastrophic
natural hazards worldwide. It is defined as
those flood events where the rise in water
Is either during or within a few hours of the
heavy rainfall that produces the rise. It causes
disruption in the environment and deadliest in
the societies. It occurs so quickly that people
are caught off-guard. Their situation may be-
come dangerous if they encounter high, fast-
moving water while traveling. In 2018 and
2019, Jordan has witnessed unusual shocks of
flash flood. It is mainly initiated by intense
rainfall, and due to its rapid onset taking ac-
tion for effective response is challenging. Cli-
mate change is expected to increase extreme
rainfalls and heavy stream discharges, which
will in turn exacerbate the likelihood of fre-
quent flash floods with amplified severity
(1,2,3).

Jordan is located within the geographic coor-
dinates: 31° 00 N, 36° 00E. Most of the coun-
try is covered by desert (90% of its area);
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however, the northwestern area is regarded as
part of the Fertile Crescent. It has warm dry
summers and mild wet winter’s climate, with
annual average temperatures ranging from 12
to 25° C and summer time highs reaching the
40°C in the desert regions. Rainfall averages
vary from 50 mm annually in the desert to as
much as 800 mm in the northern hills, some of
which fall as snow (4). The country is divided
into 3 regions made up of 12 governorates,
Irbid, Jerash, Ajloun and Mafraq are in the
Northern region, Amman, Zarqa, Balga and
Madaba are in the Central Region, and Karak,
Tafileh, Ma’an and Aqgaba in the southern re-
gion. Figure (1).

Figure 1: Geographical location of Jordan and
Jordan’s governorates
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2. Goals

This study aims at providing a large scale na-
tional flood hazard assessment by highlight-
ing areas where natural climate-related hazard
risk are highest thus decision making and Dis-
aster Risk Reduction efforts are appropriate
and contributing safety net efforts to defining
regions where early warning and prepared-

ness should be emphasized.

Specific objectives

Providing a comprehensive hydrological

assessment of flash floods in Jordan.

* Producing flood hazard severity map for

Jordan.

* Providing a rational basis for flood man-
agement decision-making at a national

scale and locally.

3. Materials and Methods
3.1Background

Flash floods are best described as events in-
volving "too much water in too little time",
from a hydrometeorological aspect (5). This
means that exceptionally high amounts of
rainfall, combined with very efficient and
rapid runoff on relatively small catchments,
are typical of flash floods. A flash flood im-
mediately follows the inducing storm event.

The term ’flash’ itself indicates a sudden rap-
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id hydrological response of a usually small
catchment, where water levels may rise to
their maximum within minutes or a few hours

after the onset of the rain event.

Many hydrological factors have relevance to
the occurrence of a flash flood and determine
the response of the catchment to the precipita-
tion event. These are intensity of rainfall, lo-
cation and distribution of the rainfall, land use
and topography, vegetation types and growth/
density, soil type, and soil water-content all
determine just how quickly the flash flooding
may occur, and influence where it may oc-
cur. Urban areas and human habitants are also
prone to flooding in short time-spans and,
sometimes, rainfall (from the same storm)
over an urban area will cause flooding faster
and more-severe than in the suburbs or coun-
tryside. The impervious surfaces in the ur-
ban areas do not allow water to infiltrate the
ground, and the water runs off to the low spots
very quickly. Thus, a flash flood is clearly the
result of the concatenation of both meteoro-

logical and hydrological circumstances.

The GIS based hydrology assessment is car-
ried out using Rational model. An assumption
is made by the model that the maximum rate of
flow is produced by a constant rainfall, which
Is maintained for a time equal to the time of

concentration, which is the time required for
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the surface runoff from the most remote part
of the drainage basin to reach the point being
considered. Surface runoft is the flow of wa-
ter that occurs when excess storm water, melt
water, or other sources flow over the Earth's
surface. This can occur when the soil is satu-
rated to full capacity, and rain arrives more
quickly than soil can absorb it. Surface run-
off in urban areas is a primary cause of urban
flooding, which can result in property dam-
age, damp and mold in basements, and street

flooding.

The model integrates biophysical character-
istics of the basin/catchment and the hydro-
metrological information covers Jordan. The
information are rainfall intensity, rational val-
ues (runoff coefficient) and drainage area. De-
termination of peak flood rates and estimation
of total amounts of surface runoff amounts and
discharges that could be generated from basins/
catchments are computed. Then Flood hazard
prone areas in Jordan are produced based on
Integrated Context Analysis approach on sur-
face basin level. The Integrated Context Anal-
ysis (ICA) is an analytical process that con-
tributes to the identification of broad national
programmatic strategies, including disaster
risk reduction, resilience building, and social
protection for the most vulnerable and food

insecure populations (6). The ICA is based on
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principles of historical trend analyses across a
number of technical and sectorial disciplines,
the findings of which are overlaid to identify
areas of overlap. Trend analyses provide an
understanding of what has happened in the
past and what may (or may not) be changing
to act as a proxy for what may occur in the
future, and where short, medium, and longer-
term programming efforts may be required. It
is based on two core factors: trends of food

insecurity and main natural shocks (droughts

and floods).

Kirpich equation is used to calculate the time
of concentration. It is also useful in predicting
flow rates that would result from hypotheti-
cal storms, which are based on statistically
derived return periods through IDF curves (7,
8). For many (often economic) reasons, it is
important for engineers and hydrologists to
be able to accurately predict the response of
a watershed to a given rain event. This can be
important for infrastructure development and

management, as well as to assess flood risks.

Frequency of occurrence of long term an-
nual rainfalls from 1980 to 2017 for select-
ed gauged stations over Jordan is computed.
In addition to calculate its probability using
Gumble distribution approach. It is a statisti-
cal method often used for predicting extreme

hydrological events such as floods (9,10,11).
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All interpretations and computations are car-
ried out in GIS environment. The GIS tech-
nology is a powerful of combining and ana-
lyzing data from different types and formats
in addition to producing maps and meaningful
outputs, which leads to significant increase

applied in hydrological applications.

3.2 Hydrological Assessment:

3.2.1 GIS maps, data preparation, and data

analysis

3.2.1.1 Flash Flood and Runoff Estimation

Rational model is rainfall runoft approach ap-
plied to calculate the expected peak flood dis-
charge and surface runoff amounts. The gen-

eral form of Rational (12) is expressed that:

Q (Discharge) = C (rational coefficient)*i
(rainfall intensity)*A(Area) where,

(Q) 1s the discharge of runoff / peak flood that
can be generated over the storm duration (vol-

ume/time).

The first factor in the formula is the rational
coefficient (C). It is dimensionless empirical
coefficient representing a relationship be-
tween rainfall and runoff. The determination
of C coefficient depends basically on the inte-
gration between the following factors: slope,
existing landuse /land cover (LULC) and hy-
drological soil group (HSG).
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Maps are prepared as following (13):

Derivation of flow accumulation map based
on digital elevation model (DEM) figure (2)
and delineation of stream networks for 13 sur-

face drainage basins cover Jordan, (figure 3) .

Figure 2: flow accumulation map based on digital ele-
vation model
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Figure 3: Drainage stream networks and basin
configurations

Derivation of slope in percent and flow ac-
cumulation maps based on digital elevation
model (DEM). It is classified into 3 classes:
(low, medium and steep). In general, values

with a greater slope will have a higher runoff
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coefficient than the one with lesser slope.

Classification of existing landuse /land cover
LULC map is considered. Taking into account
vegetative and agricultural lands, rangeland

and urban expansion.

Hydrological Soil Group (HSG)s: The United
States Soil Conservation Service (SCS) has
identified four soil group classifications (A,
B, C, or D). As a result the HSGs are deter-
mined based on all relevant information of
mapping unit of soil map (14), then SCS hy-

drologic soil grouping map is created.

Intersection process using GIS function for
all relevant information and maps of slope %,
HSGs and LULC are combined; by applying

the criteria of determining the C values.

As a result a composite runoff coefficient
(CRC) is generated according to the appear-
ance of multiple combinations on basin level.

It ranges from 0.19 to 0.46.

The second factor in the formula is the rain-
fall intensity (i, depth/time). It is selected
based on storm characteristics that could
cause flood, which is assumed greater than
30mm/hr has occurred within 30minutes. The
rainfall gauging stations which have Intensity

Duration Frequency (IDF) information are
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used. As a result the information of maximum
rainfall intensity measured by mm/hr at fixed
duration of 30 minutes is selected. Assuming
frequency of high flood magnitude occurred
at 50 years return period (15,16,17,18) that
meet the threshold of flooding generation and
occurrence. The available information of IDF
Is transformed into map and is converted into

Thiessen to represent surface information.

The third factor in the formula is Basin/catch-
ment area (A, area). It is any area of land
where precipitation collects and drains off
into a common outlet, The drainage basin
includes all the surface water from rain run-
off, snowmelt, and nearby streams that run
downslope towards the shared outlet, as well
as the groundwater underneath the earth's
surface. Drainage basins connect into other
drainage basins at lower elevations in a hi-
erarchical pattern, with smaller sub-drainage
basins, which in turn drain into another com-
mon outlet (19). As a result, the purpose of
the basin division with its contributed drain-
age area is to identify the outlet point of water
sinked and accumulated after significant rain-
fall storm that will cause runoff based on the

time of concentration.
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3.2.1.2 Time of concentration

Time of concentration (Tc) is computed using
kirpich equation (12). It is a function of the
topography, geology, and land use within the

watershed. It is expressed that:

Tc =0.0078*(L0.77/S0.385) which,(L) is the
length of long water travel path from upstream
to downstream in the basin level, (figure 4).
(S) is slope (ft/ft). Applying the equation is to
come up with the time of concentration for all
basins. The ranges start from 1 hr. in Qa' Disi

& southern desert to 51 hrs. in W.Hammad.

- Outlet

~  Streams networks
Main Channel /
“  Longpath
<7 Basin boundary

0 25 50 100 150

Figure 4: Main channel of water path at downstream
basin's outlet

200
1 Kilometers

3.2.1.3 Flood Hazard

By utilizing the Integrated Context Analysis
(ICA); the flash flood hazard is produced in
order to build an image of an area prone to
this natural hazard. The key indicator used is
the normalized flood intensity, expressed in
terms of ratio between the peak flow and the
drainage area.
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4. Results and Discussion

4.1Peak Flood Discharge and Surface Run-

off Estimation

Using GIS tools, all information attached
with prepared maps of CRC and rainfall are
overlaid, intersected and clipped based on ba-
sin boundaries, and then the Rational formu-
la is applied in GIS environment. The results
are rates of peak flood and the surface runoff
amounts at each basin's outlet measured by
million cubic meters (MCM) (figure 5). The
range is around 5 MCM in Jordan Valley to 65
MCM is computed in W.Hammad basin.

Figure 5: Amounts of surface runoff (MCM) at basin
downstream outlet MCM.

4.2 Flood Hazard Severity

Translating the flood characteristics into a
hazard is required. The hazard level is an in-
terpretation of flood information, and depends
on the type of hazard information needed, the
severity of exposure and the type of elements
at risk. As a result, the flash flood hazard is
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produced by utilizing the Integrated Context
Analysis (ICA) at basin outlet .The discharge
values were broken down into 3 classes as fol-
lowing "Low, Medium, and High" based on
the ICA reclassification range. The percent-
ages of each hazard severity are calculated.
It is illustrated that 17.6% from Jordan's area
Is categorized into "high" hazard severity.
While 47.9% 1is classified as “medium” and
the remaining by 34.5 % of Jordan is “Low”
class. It is geographically distributed in some
parts of north, east, middle parts of Jordan,
Jordan valley, south sides wadi, Dead Sea rift
sides and north sides wadi. This is due to land
use and urbanization expansion, hydrological
soil groups and slope ranges that affect values
of composite runoff coefficient and lead to
increase the runoff discharge. The produced
flood hazard map (Figure 6) will help design-
ing resilience short term activities and plans,
as well as helping vulnerable people living
in these areas adapting during the seasons of
the floods. The hazard shows that some parts
of arid and semiarid regions are the most fa-
vored environments for flash flood generation
(21, 23)

) L Bl S5l

High

o 50 100 200

Figure 6 Flood hazard Severity Map for Jordan.
4.3 Zoom in catastrophic flash floods in

Jordan:

Flash floods in Jordan are extremely
dangerous and of disruptive nature. This is
what has occurred in November, 2019 in the
following sites Za'atry, Zarqa Ma'ien, Ghor
Assal, Aina and Jorf sites (figure 7). The
outputs of the assessment focusing on flood
hazard severity and frequency of occurrence
which are well match with the flooded sites
that suffered from flash floods in Nov.2019.
The flooded sites, Za'atry, Zarqa Ma'ien and
Ghor Assal are located within the high hazard
class, while the flooded sites Aina and Jorf
are located within medium hazard class. As

a result the study validates and proves what

happened on the ground.
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Figure 7 example of the flooded sites in Novem-
ber, 2019 in Jordan

5. Conclusions

This study employed several data analyses
to enhance our knowledge of the patterns
and trends of flash floods in Jordan. The GIS
technology has been used as a powerful tool
of combining and analyzing data from differ-
ent types and formats in addition to produc-
ing maps and meaningful outputs. Certainly,
this leads to wise and accurate management
protocols followed in hydrological applica-
tions. Moreover, flood hazard map is a key
tool where Disaster Risk Reduction efforts
are appropriate. On the other hand, flood haz-
ard severity map was produced at surface ba-
sin’s level. It has been shown that 17.6% of
Jordan’s area is categorized into “high” class
hazard severity. Indeed, this hazard severity
and the associated scenarios of flash floods

are proven to be enhanced by random expan-
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sion and urban hydrology concerns. To con-
clude with, our study provides consistent in-
formation at a national scale on flood hazard
reclassification to support the development of
flood management policy, and implementa-

tion of flood mitigation protocols.
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Designing An Efficient Model Based On The Selection Of Neural
Networks To Detect Driver Drowsiness

Dr. Ahmad Mohsen Al-Saadawi

Irag Media and Communications Commission

Abstract

Driver drowsiness detection is a critical
issue in road safety, as it can significantly
reduce traffic accidents and save lives. The
main challenge in this field lies in the low
accuracy of traditional methods and the
complexity of selecting effective features
from ocular data. In this study, a hybrid
method based on Convolutional Neural
Networks (CNN) and Quantum Particle
Swarm Optimization (QPSO) is proposed
for detecting driver drowsiness. In this
method, relevant features are first optimized
and selected from ocular data using QPSO,
simplifying the data by removing unnecessary
features. These selected features are then
processed by CNN for deep learning and
classification of drowsiness states. The goal
of this combination is to improve the model's
accuracy and efficiency in early drowsiness
detection. This method was evaluated using
three datasets: YawDD, NTHU, and DROZY,
showing an accuracy improvement of 9.3% to

10.5%, sensitivity improvement of 10.2% to
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11.2%, and specificity improvement of 7.8%
to 9.4% compared to traditional methods. The
results demonstrate the high effectiveness of
this method in enhancing driver drowsiness
detection.

Keywords

Drowsiness detection, Convolutional Neural Network,

Quantum Particle Swarm Optimization, driving .

1-Introduction

Designing a neural network -classification
model for driver drowsiness detection based
on eye data involves using deep learning
techniques to analyze eye states in real time.
The model aims to classify drivers into
different categories, such as non- drowsy,
drowsy with blinking, yawning, and head
nodding. By integrating several features
derived from driver behavioral characteristics
and vehicle driving information, the model
achieves an accuracy of about 85% This
approach involves processing eye and face
images separately during the training process,

with preliminary results indicating better

N Sl ) aadl 3 sal)



performance when focusing on eye images.
The model uses

feature analysis methods such as K-Nearest
Neighbor Sigma (KNN- Sigma) to estimate
the density and separation of extracted
features, increasing the accuracy of drowsiness
detection. Feature selection in the neural
network model involves extraction. Key eye-
related data, such as eye blinks and the change
in amplitude between negative and positive
peaks (saccades), are important indicators
of drowsiness. These features are visualized
through intermediate representations in the
network, with different layers that capture
different aspects such as rapid blinking and
eye closure patterns. The model architecture
combines convolutional neural networks
(CNN) with short-term memory networks
(LSTM) to compute temporal dependencies.
In signals, it increases the robustness of the
classifier and the repeatability of the results.
Using physiological data and neural network
algorithms, this approach aims to overcome
the limitations of traditional machine learning
techniques and provide a more accurate
and efficient system for detecting driver

drowsiness based on eye data.
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2-Problem Statement

Drowsiness or fatigue is one of the main
factors in road accidents and has irreparable
consequences for road safety, but if drowsy
drivers are warned in time, several fatal
accidents can be prevented . In such cases, the
main problem is the lack of concentration of
the drowsy driver, which leads to a delay in
responding to any event on the road . There
are various sleep detection methods that
monitor driver drowsiness while driving and
warn drivers if they are not concentrating on
driving. Continuous advances in computing
technology and artificial intelligence in the
past decade have led to advances in driver
monitoring systems. Recently, many studies
have proposed methods to detect driver
drowsiness based on behavioral criteria and
appearance characteristics .

Driver drowsiness detection in this research
Is performed using facial features detected
and selected by the camera and transferred
to a deep neural network for drowsiness
classification, with the aim of increasing
accuracy. The main subject of this work is the
development of a driver drowsiness detection
method based on processing images of the
driver's face. The proposed combined QPSO +
CNN method for driver drowsiness detection

Is presented with the aim of improving the
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accuracy and efficiency of existing models.
This method, using the quantum particle
swarm optimization algorithm, first selects
optimal features from the visual data. QPSO,
with its optimal search capability in the
feature space, eliminates unnecessary and
unimportant features and provides effective
features to the convolutional neural network
model. The convolutional neural network
CNN, as the main part of the classification,
has the ability to analyze and learn complex
features and recognizes patterns related to
drowsiness using the features selected by
QPSO. This combination leads to improved
classification performance, reduced false

positive error rates, and increased system

efficiency in various conditions.

3-Research Objectives

* To present anovel QPSO + CNN architecture
with different sets of filters and kernel sizes
for automatic driver drowsiness detection.

* An automated system based on CNN
extraction and feature selection based on the
QPSO algorithm is proposed to reduce the
feature and computational power and thus
improve the response time.

To conduct a detailed qualitative and
quantitative analysis of the performance of
the proposed model using standard datasets

and compare the results with the performance
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of the base paper.
The proposed method in this research will
contribute to many activities of leading
companies in the automotive industry and
autonomous vehicles in smart cities. It also
aims to motivate emerging researchers to
explore and/or combine different methods,
algorithms, and fields to obtain progressive
results in relevant problems.

Proposed Methods

The proposed method for detecting driver
drowsiness from visual data is based on a
combination of two key methods:

1 .Feature selection using the Quantum Particle
Swarm Optimization (QPSO) algorithm

2 .Final classification using a Convolutional
Neural Network (CNN).
This hybrid method is

Improve detection accuracy and reduce the

designed to

dimensionality of features. Feature selection
is performed using QPSO, which optimizes
the input feature set to the CNN. The CNN
also acts as a final classifier and processes the

filtered data for drowsiness detection.

4-Steps of Proposed Methods

4-1 Data Collection and Preprocessing

The database used in this experiment is
the YawDD yawn detection database. This
database contains a large collection of videos

prepared for the detection and analysis of
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yawns in different individuals. The videos
were recorded using a Canon camera with
a resolution of 480x640 pixels. The video
recording speed was 30 frames per second
(fps) and the file storage format was AVI

without sound. To focus more on visual

analysis.
These videos were recorded in different
environments  with  different  lighting

conditions and angles so that the database
contains a variety of examples of facial
This the

machine learning models trained on this data

expressions. diversity makes
more accurate in detecting yawns in real-
world situations. The YawDD database can
be used in many fields, such as driver safety
monitoring, fatigue analysis in workplaces,
and the development of automated systems to
prevent accidents caused by drowsiness. Due
to its high quality and diversity, this dataset
is known as a reliable source in research and
projects related to facial movement analysis,
especially yawn detection.

In the data preprocessing process for
experiments related to the YawDD yawn
detection database, various steps were
carefully implemented to convert the raw
video data into a format suitable for analysis
and use in neural networks. First, the videos

in this database were divided into separate

frames. This essential step was
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performed to facilitate the analysis of each
frame separately and the extraction of visual
features from each image. Dividing the video
Into separate frames allows machine learning
models to more accurately detect subtle
changes in facial expressions, especially
yawns.

After the frames were separated, each image
was resized from its original resolution of
480x640 pixels to 240x320 pixels. This
resizing was done to reduce the data size and
simplify the calculations in the subsequent
steps. Reducing the size of the images is not
only beneficial in terms of data storage size,
but also makes neural network processing
faster. Since neural networks usually need to
process large amounts of data, reducing the
resolution of the images can significantly
reduce the computation time without
significantly negatively affecting the accuracy
of the model.

Next, the images were converted from RGB
(red, green, blue) color mode to grayscale
mode. This conversion from three color
channels to a single monochrome channel
further reduced the data size and simplified
the analysis. Grayscale images preserve
the brightness information and ignore color
differences using only one channel, which is
sufficient for many visual analyses, especially

infacial expressionrecognition. Thisreduction
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in the number of channels and pixels directly
leads to a reduction in the computational load
of neural networks and improves the system
efficiency.

All these preprocessing steps were performed
using the OpenCV library. OpenCV, as one
of the standard tools in the field of image
processing and computer vision, provides
extensive capabilities for performing various
operations on images and videos. Using this
library has been a good choice for performing
various data preprocessing steps due to its
stability, high performance, and advanced
capabilities. By using OpenCV, all these
processes were performed automatically and
with high accuracy, which allows researchers
to focus on more complex analyses and the
development of deep learning models. These
preprocessing steps have played an important
role in improving the accuracy and efficiency
of machine learning models and have directly
affected the final results of the experiments.
The next step is noise removal, and finally,
regions of interest (ROI), eyes and mouth, as
the main areas of analysis, are extracted from

the overall face image.

4-2 Feature Extraction and Feature

Selection with QPSO.

Feature Extraction: Eye features such as eye
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closure time, blink rate, and eye angle changes
are extracted from the preprocessed data.

In this step, the face is detected in each image.
After that, the eyes (left and right) and mouth
are identified. Then, their expressions are
distinguished by calculating two ratios of eye
height to width (EAR) and mouth (MAR).
These images are then stored as labeled data.
Feature Selection with QPSO: The QPSO
algorithm is an advanced version of PSO
that uses quantum mechanics to improve the
search ability of particles. Taking advantage
of quantum concepts, QPSO explores a
larger search space than traditional PSO and
Is suitable for feature selection due to its
global and local search capabilities. In QPSO,
instead of moving in the solution space based
on velocity, particles probabilistically update
their positions and converge to an attractor.
This attractor represents the tendency of
particles to move towards the best possible
positions and leads to a better search in
the solution space. In QPSO, each particle
represents a candidate solution for selecting
a set of features. Each particle has a position
xi=(x11,x12,...,xiD) in the search space,
where D represents the number of features.
The particles move iteratively to reach the
best possible position that represents the most
optimal set of features.

The position of each particle xi in the next
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iteration is updated according to its current
position xi(t) and the global best position
gbest. The basic QPSO formula for updating

the particle position is as follows:
1 1
x(t+D=5@E+g®)-FInC)

The particles move towards the best features
with this update. At the end of the process, the
set of features that has the highest accuracy in
the next step is selected as the output.

To evaluate the quality of the feature set, a
cost function (objective function) must be
defined. The objective function of QPSO is
defined as.

|F|
Fitness(x;) = a - Ecyy + (1 — ) )

4-3 Classification with CNN

Convolutional Neural Network (CNN) is one
of the most successful deep learning models
for analyzing image and multidimensional
data. These networks use convolutional layers
and summation layers to extract high-level
features from the input data. After the features
are extracted, these features are passed to fully
connected layers for the final classification.
The general structure of a CNN network
consists of the following parts:
*Convolutional layers: These layers are used
to extract various features from the input data
(e.g. image or signal). Each convolutional

layer contains filters that are applied to the

Y SLal) Al S sl

input data.

* Summation layers: These layers are used
to reduce the dimensionality of the data and
extract more important features.

* Fully connected layers: In these layers, after
extracting features from convolutional layers,
the data is converted to one-dimensional form
and sent as input to these layers.

* Output layer: Finally, a layer with a Softmax
or Sigmoid activation function is used to
produce the final output that represents the
probability of each class.

CNN layers

» Convolutional layer: Convolutional layers
are responsible for extracting spatial features
from the data. The formula for applying a

k-filter to an input image I is as follows:
hi.j =22 1n+j.m+i X km.n

m n
*Pooling layer: These layers reduce the
dimensionality of the features and control the
complexity of the model. Max-pooling is one
of the most common methods, which uses the
following formula:
Kij = max (hyij hoiv1.2j- hoizjr1- hoivi2js1

*Fully Connected Layer: Fully connected
layers act as a network of neurons that

transform the extracted features into the final
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classification.

4-4 CNN Cost Function

The cross-over cost function is used to train

CNN. Its formula is as follows:

1N

L=—3XZ0;logp) + (1 —yplog (1 —p)
i=1

Where:

N is the number of samples.

y_1is the actual value for sample 1 (0 or 1).
p_1i is the probability predicted by the model
for the i-th sample.

4-5 Combination of QPSO and CNN

In the proposed method, first the eye data is
given to the model in the form of images or
vectors and the main features are selected by
QPSO. The selected feature set is then sent
to CNN to perform the final classification
process. The main steps are as follows:
Feature extraction: Features such as
PERCLOS, blink rate, and are extracted from
the eye data.

Feature selection: QPSO selects important
and relevant features from the extracted
feature set.

Classification with CNN: The selected
features are given to CNN to perform the final
learning and classification process.

This combination improves classification

accuracy and reduces data dimensionality,
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which  contributes to better system
performance. The selected architecture is
used to classify images, then PERCLOS and

FOM are calculated to determine the overall

driver state (active, tired).

PERCLOS

FOM

Figure 1: Architecture testing and fatigue

prediction

5-Result

5-1 Dataset
The Dataset used in this experiment is the

YawDD yawn detection database. It consists
of a set of videos obtained from a Canon
camera with a resolution of 640 x 480 pixels
at 30 frames per second in AVI format without
sound. The data in this thesis are from [22].
This set consists of two subsets of video
data of drivers with different facial features,
which are used to test algorithms and models
intended primarily for yawn detection, but
also for face recognition and tracking. The
videos are taken under realistic and variable
lighting conditions. Two different locations
for camera installation were considered in the
database set. In the first scenario, the camera
was installed under the rearview mirror, and in
the second scenario, the camera was installed

on the driver's dashboard. Participants were
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asked to sit in the driver's seat and fasten their
seat belts to make the scenario more realistic.
Each participant has three or four videos. Each
video has different oral conditions such as
normal speaking, singing, and stretching. In
this dataset, there are 322 videos of different
ethnicities of male and female drivers with

and without glasses and sunglasses.

Figure2 Sample data in YawDD
In preprocessing, we divided the videos into
image order. After that, these images were
resized from 680*480 pixels to 320*240 pixels
and converted from 3 color channels (red,
green, blue - RGB) to grayscale to reduce the
number of pixels and thus. In neural network
calculations, this operation was performed

using the OpenCV library.
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Figure 3 Resizing an image

Figure 4: Grayscale image scaling

5-2 Eye and Mouth Detection

In the process of analyzing and processing
images in the yawn detection database
(YawDD), an
preprocessing is the identification of the

important step in data
face region and its key features. This step
is performed using the DIlib library and
its powerful functions for identifying and
recognizing facial landmarks.

First, the face region in each image is
identified using the "frontal face" face
recognition function. This function is able
to accurately determine the position of the
face in the image using a pre-trained machine
learning model. Face region detection is the
first step to focus on specific facial features
that are very important in recognizing facial
expressions such as yawning.

After identifying the face region, the next
step is to extract facial key points. These key
points, known as face landmarks, represent
areas of the face such as the eyes, nose,
mouth, and facial contours. These key points

are obtained using the predictor function. This
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function uses a predictive model that is able to
recognize 68 key points in x-y coordinates on
the face. These points include the edges of the
eyes, nose, mouth, and facial contours, which
accurately describe the overall structure of
the face.

These key points are then used as a basis for
defining regions of interest (ROIs) on the
face. In particular, the eye and mouth areas
are considered key areas for yawn detection.
Accurately identifying these areas is important
because changes in these areas are usually
strong indicators for yawn detection.

As an example, the figure below can show
how a face is described using 68 landmarks
in x-y coordinates. Each of these points
accurately identifies the location of different
facial features, helping machine learning
algorithms to more accurately analyze
different facial expressions. This process
increases the accuracy and efficiency of facial
recognition systems, and especially yawn

detection systems.
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Figure 5 Face token defined in Dlib library
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Figure 6 Regions of Interest Predicted by Dlib
Prediction Function

Generating the Dataset of This Research
Themostimportantstepinlearningdeep neural
networks is to properly prepare the training
and validation sets. After processing the image
sequences of each video, we collected them to
generate the database. Since the function of
the Dlib library does not recognize the faces
of people who are not in front of the camera,
and also does not recognize the eyes when the
driver is wearing glasses. We only used videos
where the camera is placed on the dashboard,
and among them, we only used videos of
people who are not wearing glasses. A total of
14 YawDD videos (8 videos of women and 6
of male drivers) were used.

The images are categorized into "open or
closed" folders based on the state of the eyes
and mouth. Initially, we created a mixed
dataset between eyes and mouth, but after
several trials and experiments, we realized
that to obtain good results, it is better to

separate them and train two models. So our
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database consists of two main folders, Eyes
and Mouth.

Inside each folder there are two folders, one
for training and one for model validation (for
the test data we used validation data). 9 videos
were selected for training file and another 5
videos for validation. Image classification at
this stage is done by calculating the eye aspect
ratio (EAR) and mouth aspect ratio (MAR),
after the threshold obtained, the image is

saved in the corresponding folder.
5-3 Eye Aspect Ratio (EAR) and Mouth

Aspect Ratio (MAR)
The aspect ratio is an important feature in

image display that indicates the proportional
ratio between the width and height of an image
in visual perception. This ratio is especially
important in image analysis that deals with the
identification and evaluation of specific image
components such as eyes. In the context of eye
movement analysis, the aspect ratio usually
remains constant when the eye is open. This
means that when the eye is in its normal, open
position, the ratio between its width and height
does not change much and usually tends to a
constant value. This ratio can be used as an
important indicator in determining the state of
the eye, such as whether it is open or closed.
However, when the eye begins to close, the

aspect ratio gradually tends to zero. This

A S B ) 8

occurs because as the eye closes, the height
of the eye decreases while its width remains
almost constant, resulting in a decrease in
the width-to-height ratio. This aspect ratio
change is a strong signal for detecting states
such as blinking. Since blinking is performed
by both eyes simultaneously, analyzing the
aspect ratio in both eyes simultaneously can
increase the accuracy of detecting blinking
as well as related states such as fatigue or
drowsiness. In facial recognition and facial
expression analysis systems, this ratio is used
as one of the key indicators in blink detection
algorithms and can help to more accurately

detect different eye states.

The aspect ratio of the eye is calculated using
the following equation:

lp2 - p6| + [|p3 - p5I|
2x||pl-p4

EAR =

Figure 7 Facial landmark of the eye area

5-4 Selecting the EAR/MAR Threshold

To classify the images in their folder, we need
a threshold of EAR and MAR. First, we used
a straight number found in the literature of 0.3

for EAR and 0.64 for MAR. By observing the

images produced in each class, we concluded
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that these parameters were not valid and had
a high classification error. Initial attempts to
change them involved manipulating these
numbers by slightly increasing or decreasing
them, but all attempts led to the same results.
Since each person has different eye and
mouth sizes (some are larger than others),
setting a specific threshold for all individuals
would not be a fair choice to provide valid
results. The proposed solution is to calculate
the ratio of EAR, MAR in all frames of each
video (person) and select the maximum ratio
obtained. The threshold for EAR is then set at
60% of the maximum and for MAR at 80%
of the maximum. 60% and 80% were selected
by comparing the values of EAR, MAR in
each video (shown in the figures below).
(For MAR, we considered a threshold above
80% so that the speaking state would not be

classified as open-mouthed).

4 Matebiotilasies M

Figure 8 EAR and MAR values obtained

from videos of a man and a woman

From the figure above we can see that
anything below the red line that represents
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the threshold is considered a closed state and
anything above it is considered an open state.
We can also see the difference between each
person's thresholds, which is why we used
this method, as it would not be practical to get
a common threshold. The figure below shows
the different states obtained from the eyes and
mouth.

Figure 9 Eye and mouth position detection

5-5 Dataset Balance

Dividing the videos into image sequences in
this situation leads to an imbalanced dataset.
Imbalanced datasets are a major problem for
deep learning models, which we encountered
ourselves during our initial training sessions,
yielding poor results. To solve this problem,
we had two choices: either increase the
number of images in the minority class using
the image data generator provided by the
KERAS deep.

learning library, or limit the number of images
in the majority class. We therefore chose the
latter for two reasons:

* First, it also reduces the time required to

train the model, as it results in a relatively

small, but still sufficient, dataset.
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*Second, using generator functions to increase
the number of images in the

minority class can lead to image deformation
and changes in their information.

-Increase the number of images in the minority
class: One way to deal with the imbalance of
the dataset is to increase the number of samples
in the minority class. This is done using various
techniques such as the image data generator
provided in the Keras deep learning library.
The image data generator is able to generate
more samples by applying minor changes such
as rotating, scaling, cropping, or shifting the
original images. This process is known as "data

augmentation”.

5-6 Explanation of the first case

However, although using a data generator to
increase the number of images in the minority
class can help balance the dataset, it also
leads to an increase in the size of the data
and, consequently, an increase in the time
required to train the model. Training deep
learning models on larger data requires more
time and computational resources. Hence,
you decide to reduce the number of images in
the majority class to reduce the time to train
the model instead of increasing the data. This
method makes the dataset smaller, but still
remains effective enough to train the model.

-Reducing the number of images in the
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majority class: Another way to solve the
problem of data imbalance is to reduce the
number of samples in the majority class. This
is done by randomly removing excess samples
from the majority class until the number of
images in each class reaches a balanced level.
Table 1 Balanced distribution of data sets in

three training stages
Table:1 The Balanced Distribution

Oral dataset Eye dataset
2000 2000 Training set
400 400 Validation
set
400 400 Test set
2800 2800 Total

Table 1 shows the balanced distribution of
data across three different training stages for
two eye and mouth datasets. In this table, each
dataset contains 2000 images in the training
set, 400 images in the validation set, and 400
images in the test set, for a total of 2800 images
for each dataset. This balanced distribution
ensures that the deep learning model has
enough data to train, while the validation and
test sets are also large enough to accurately
evaluate the model’s performance. Choosing
this number of images effectively balances
the datasets and avoids problems such as data
imbalance that may arise during the training
stages. This approach also helps reduce the
model training time and avoids unnecessary

changes to the images that may be introduced
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by data augmentation techniques.

5-7 Data Coverage

In the driver fatigue detection project, the
main focus is on analyzing the state of the
driver's eyes and mouth. These two areas of
the face are important indicators for detecting
various states, such as drowsiness or yawning,
which can indicate driver fatigue. However,
the raw images taken of the driver contained
a lot of information from the surrounding
environment, the car interior, the steering
wheel, and other unnecessary components.
This additional information was not only
irrelevant to our main goal, but also prevented

the convolutional neural network (CNN)

model from focusing effectively on important
As
these images appeared to be a complex and
challenging task for the CNN.

areas. a result, directly classifying

Figure 10 Drawing lines on data images to
improve learning results (before and after
data separation)

To solve this problem, the second solution
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was applied, which involved extracting the
region of interest (eyes and mouth) from
the images. This was done by using a mask
that was applied to the images to remove all
unnecessary information and leave only the
required parts. Specifically, a black mask was
applied to all irrelevant parts of the images,
and the lines corresponding to the regions of
interest (ROI), i.e., the eyes and mouth, were
filled with green. This allowed the CNN model
to focus only on the important areas and ignore
the marginal information. The use of these
masks had a significant impact on improving
the accuracy of the CNN. By removing the
redundant and irrelevant data, the model
was able to focus directly on the important
areas, thus providing better performance in
driver fatigue detection. After this stage of
preprocessing and creating a reliable and
balanced database, the next step is to prepare

the models for training and evaluation.

Figure 11 Image masks (before and after data

separation).
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6- Comparison of the proposed method
with other methods
The latest CNN architectures are available

on the official website of KERAS and
TensorFlow, these architectures will be used
in our experimental studies. It should be noted
that all of these architectures are trained on
the ImageNet database.

* ImageNet is a database with more than 14
million hierarchical images with the aim
of improving computer vision and deep
learning research. Training a CNN on large
datasets can take days or even weeks, even
on high-performance multi-GPU computers.
Therefore, transfer learning is a way to shorten
this time-consuming operation.

* Transfer training: It involves taking pre-
trained models on a standard computer vision
reference database (such as:
COCO, FMNIST, etc.) and freezing the

underlying layers in order not to train new

ImageNet,

examples and reuse their weights. To add
multiple layers on top.

The proposed method of this research is
compared with the paper [76]. This paper
uses a fine-grained facial motion detection
approach to detect yawning and drowsiness.
Facial features, such as opening and closing
of the mouth and eyes, are used to detect
yawning and uses a support vector machine
(SVM) as a classifier.

A S B ) 8

Main steps of the method of the compared
paper

1. Extraction of fine facial features: Using
facial points to identify small movements.

2. Yawning detection: Based on changes in the
opening and closing of the mouth and eyes.
3. Classification with SVM: Classifying the
driver's posture using SVM

Table2 Comparison of the proposed method

Dataset Method Accu- Sensi- Spec- F1-Score
racy tivity ificity (%)
(%) (%) (%)
QPSO + CNN
YawDD 925 91.0 94.0 91.8
(Proposed)
YawDD S\(//Q"rg':l‘es)ed 83.3 85.7 9.1 86.4
QPSO + CNN
NTHU 932 925 94.8 93.1
(Proposed)
NTHU S\(’x;ibc?g)ed 89.1 87.2 91.0 88.0
QPSO + CNN
DROZY 91.8 90.2 935 91.0
(Proposed)
SVM-based
DROZY (Article) 875 85.9 90.1 89.5
rticle
Accuracy Comparison Sensitivity Comparison
—— B = e e

Sensitivity (%)

YawDD NTHU DROZY 0 YawDD NTHU DROZY
Specificity Comparison F1-Score Comparison

mm Proposed (QPSO-+CNN) S Propased (QPSO-+CNN}
m— SVM-based (Article)

O Nawbd NTHU DROZY R NTHU DROZY

Figure 12: shows the four criteria being
evaluated.

The above Figure show the comparison of the
metrics sensitivity,

performance of accuracy,
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specificity, and F1-Score between the proposed
method (QPSO + CNN) and the SVM-based
method for three famous datasets YawDD, NTHU,
and DROZY. As can be seen, the proposed method
outperforms the SVM method in all metrics and on

all three datasets.

7- Conclusion

The proposed hybrid method of QPSO + CNN for
driver drowsiness detection is presented with the
aim of improving the accuracy and efficiency of
existing models. This method first selects optimal
features from the visual data using the quantum
particle swarm optimization algorithm. QPSO, with
its ability to search optimally in the feature space,
eliminates unnecessary and unimportant features
and provides effective features to the convolutional
neural network model. Convolutional neural network
(CNN), as the main part of the classification, has the
ability to analyze and learn complex features and,
using the features selected by QPSO, detects patterns
related to drowsiness. This combination leads to
improved classification performance, reduced false
positive error rates, and increased system efficiency
in different conditions. The main advantage of this
method is its ability to process large and complex
data such as visual and image data, which are of
great importance in detecting drowsiness states.
This method was evaluated using three datasets
YawDD, NTHU, and DROZY and showed an
improvement in accuracy between 9.3% and 10.5%,
sensitivity between 10.2% and 11.2%, and specificity
between 7.8% and 9.4% compared to conventional

methods. The results indicate the high effectiveness
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of this method in improving the detection of driver
drowsiness. Also, the proposed method shows a
significant improvement in performance compared
to traditional methods by reducing computational
complexity and increasing accuracy and has a high

potential for use in driver monitoring systems.
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@ 3D Analysis with ArcGIS

@ Spatial Analysis with ArcGIS

@ Watershed & Hydrology with ArcGIS

@ Building Geodatabase with ArcGIS

@ ArcGIS: Network Analyst

@ Creating and Designing Maps with ArcGIS

@ ArcGIS PRO Basic

@ ArcGIS : Performing Analysis

() Creating and Analyzing Surfaces Using ArcGIS Spatial Analyst

@ Radar Image Processing and Analysis

@ Image processing in ArcGIS

@ Remote sensing in ArcGIS

@ (Portal for Arc GIS Web Interactive Maps and Web Apps)
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