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Abstract

Date palm cultivation in arid regions, such as Egypt's New
Valley Governorate, faces significant threats from fungal leaf
spot diseases caused by pathogens like Aspergillus, Curvularia
and Alternaria spp. These diseases can reduce yields by 20—
40%, posing challenges to food security and economic
stability. Traditional detection methods, reliant on manual
inspection, are labor-intensive and often fail to identify
infections early, resulting in excessive pesticide use and
financial losses. This study introduces an innovative approach
utilizing the Normalized Difference Vegetation Index (NDVI)
from multispectral Landsat imagery, combined with
Geographic Information Systems (GIS), to enable early
detection of date palm diseases. We analyzed multi-temporal
data spanning 2005 to 2024 in the El-Dakhla district,
developing a cartographic model to map NDVI patterns and
pinpoint areas of plant stress linked to disease onset. The
model, validated with field-collected disease data, achieved an
accuracy of 87.3% (Kappa = 0.82) in differentiating diseases
from healthy palms. Affected areas showed NDVI declines of
0.12-0.29, with the system detecting potential disease hotspots
2-3 weeks before visible symptoms emerged. Pilot trials
applying this method reduced pesticide use by 35-40%
through precise, targeted treatments, highlighting its value for
precision agriculture. Scalable to other arid regions and
adaptable for national monitoring, this approach enhances
sustainable date palm production by minimizing environmental
harm, optimizing resource use, and bolstering economic
resilience in vulnerable farming communities.
Keywords: Remote Sensing, Date Palm, Fungal Leaf Spot
Diseases, NDVI, GIS, Precision Agriculture
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Introduction

Developing countries face numerous
competing priorities that often strain limited
resources, requiring careful environmental
management and natural resource conservation
(Rajitha et al., 2007). While emerging satellite
remote sensing technologies offer powerful
capabilities for effective and economical land
use/land cover (LU/LC) management when
combined with traditional data collection
methods, the aquaculture sector has not fully
embraced these tools, and their application for
spatial decision support in this domain
continues to progress slowly (Sanchez, 2004).

Multi-temporal satellite remote sensing

data  provides  global,  comprehensive
assessments of environmental conditions and
human activities, making them valuable
instruments for land use/land cover analysis and
change detection. Change detection, the process
of identifying alterations in features or
phenomena by observing them at different time
intervals informs management and policy
decisions. Regular satellite imagery enables
direct observation of land surfaces, facilitating
mapping, monitoring, and  assessment
activities.
Multi-spectral remotely sensed data effectively
enhances our understanding of Earth's ecology
(Ahmadi and Nusrath, 2012). This technology
allows for the collection of data and
identification of characteristics in spectral form
without direct contact, revealing spatial and
temporal properties of vegetation, land cover
classes, urban areas, agricultural land, and
water resources (Karaburun and Bhandari,
2010).

Remote sensing data supports numerous
applications, including land use/land cover
classification, soil moisture measurement,
forest type classification, and vegetation water
content assessment (Karaburun and Bhandari,
2010). Multispectral satellite images integrate
essential spectral and spatial characteristics of
objects and features (Chouhan and Rao, 2012).
The primary objective of this research is to

demonstrate the effectiveness of change
detection methods based on Normalized
Difference  Vegetation Index (NDVI)

techniques in identifying and analyzing
vegetation cover changes, health status, and
landscape transformations in the New Valley
governorate's Dakhla  district, including
calculations of vegetation cover percentage,
density, and condition assessment.

Various indices can highlight vegetation-

bearing areas in remote sensing landscapes.
NDVI stands as one of the most popular and
widely utilized indices in global climate change
and environmental studies (Bhandari and
Kumar, 2012). NDVI is calculated using the
difference  between canopy reflectance
measurements in the red and near-infrared
bands (Nageswara et al., 2005). This article
shows how regions can be identified using the
differences between visible red and near-
infrared (NIR) bands in satellite imagery
through vegetation indices. Over one hundred
vegetation indices have been developed using
multispectral data (Xue and Su, 2017).
The Normalized Difference Vegetation Index
was originally developed by Kriegler et al.
(1969) as a simplified image created through a
straightforward band transformation: near-
infrared (NIR) radiation minus red radiation
divided by near-infrared radiation plus red
radiation. Like many indices designed to
simplify complex data combinations, NDVI is
valuable for its ability to quickly distinguish
vegetation and identify vegetative stress—
capabilities highly prized in land-use studies
and commercial agriculture. The scientific
community quickly recognized its potential in
the early 1970s, leading to the configuration of
all Earth observation satellite remote sensing
systems to generate this index at various spatial
and temporal resolutions.

The primary purpose of NDVI is to
enhance vegetation analysis using remotely
sensed data. Research demonstrates NDVI's
utility in differentiating between savannah,
dense forest, non-forest, and agricultural areas,
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as well as distinguishing evergreen from
seasonal forests (Pettorelli et al., 2005). It can
also estimate vegetation properties including
leaf area index (LAI) (Tian et al., 2017),
biomass (Zhu and Liu, 2015), leaf chlorophyll
concentration (Pastor-Guzman et al., 2015),
plant productivity (Vicente-Serrano et al.,
2016), fractional vegetation cover (Dutrieux et
al., 2015), and plant stress (Chavez et al., 2016).
These estimations typically derive from
correlations between remotely sensed NDVI
values and ground-measured variables, with
model robustness directly influenced by NDVI
reliability (Butt, 2018).

Remote sensing has recently gained

significant attention as an efficient tool for
monitoring environmental degradation,
delivering quick and accurate assessments of
deterioration rates caused by human activities.
Numerous studies document NDVI
applications in vegetation monitoring (Yang et
al., 2010; Lan et al., 1997), crop cover
assessment (EI-Shikha et al., 2007), drought
monitoring (Kim et al., 2008; Yamaguchi et al.,
2010), and agricultural drought evaluation at
national (Demirel et al., 2010; Zhang et al.,
2009) and international scales. In remote
sensing, vegetation indices (VI) represent
straightforward and practical measurement
parameters for assessing Earth's surface
vegetation coverage and agricultural growth
status (Smith et al., 2015).
The gap in current research lies in the absence
of an integrated geospatial approach combining
multi-temporal remote sensing data, GIS
techniques, and vegetation indices specifically
calibrated for date palm disease detection. This
study addresses this gap by developing and
validating an NDVI-based cartographic model
for early detection of date palm diseases in
Egypt's New Valley Governorate. The
approach aims to detect plant stress associated
with disease before visible symptoms appear,
enabling more timely and targeted
interventions.

The specific objectives of this study are
to:

1. Develop a  cartographic  model
integrating remote sensing data and GIS
techniques for mapping NDVI distribution in
date palm cultivation areas,

2. Evaluate the relationship between
NDVI values and field-verified disease
presence in date palms,

3. Assess the model's accuracy and
reliability for early disease detection, and

4. Analyze temporal changes in vegetation
health to identify patterns associated with
disease progression.

By accomplishing these objectives, this
research aims to provide a practical tool for
improved disease management in date palm
cultivation, potentially reducing pesticide use
while enhancing crop health and productivity.

2. Materials and Methods
2.1 Study Area

The New Valley Governorate is located
in the southwestern region of Egypt, sharing
international borders with Libya to the west and
Sudan to the south. Its internal boundaries
include El Menia, Giza, and Marsa Matrooh
governorates to the north, and Assiut, Suhag,
Qena, and Aswan governorates to the east. The
governorate is administratively divided into 4
markazs, comprising 4 cities, 37 local units, and
164 villages, with a total population of 270,000
inhabitants. Water resource availability is the
primary determinant of wurban markaz
distribution, along with the presence of arable
soil. Additionally, transportation infrastructure
represents a crucial factor for urban
development and sustainability of the markazs
(Ministry of State for Environmental Affairs,
2007; CAPMAS, 2023).

This research was conducted as a case
study on El-Dakhla district (specifically in the
areas of Balat and Mout), covering 1102.95
square kilometers (Fig. 1). The study area is
located between coordinates 25° 37' 22.572" N,
28°57'19.872" E (upper left point) and 25° 24"

NVJAS. 5 (1) 2025, 31-49

33


https://nvjas.journals.ekb.eg/

Arafat et al., 2025

https://nvjas.journals.ekb.eq/

43.041" N,
oint).

29° 23' 30.273" E (lower right

29°7'30"E

29°0'30"E 29°7'30"E

29°11'0"E

29°14'30"E

SelF3, SEER Saegepillas, SHESIAIGUS OS, USoA, USes,
S Usar ity

29°14'30"E

29°11'0"E 29°18'0"E 29°21'30"E

Figure (1): Location map for the area of interest (Aol)
Source: Generated using ArcGIS 10.8 based on USGS topographic data

The climate conditions of the study area
are characterized by distinct temperature
patterns and precipitation levels (Fig. 2). The
mean daily maximum temperature (solid red
line) indicates the maximum temperature of an
average day for each month, while the mean
daily minimum temperature (solid blue line)
shows the average minimum temperature. Hot

days and cold nights (dashed red and blue lines)
represent the average of the hottest day and
coldest night of each month over the past 30
years. The wind rose (Fig. 3) illustrates the
number of hours per year that wind blows from
each direction. These climatic conditions are
conducive to date palm cultivation.

25.49°N, 28.98°E (114 m asl).
Model: ERAST.
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Figure (2): Temperature and precipitation of the study area
Source: Derived from 30-year climate data (1994-2024)
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Model: ERAST.
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Figure (3): Wind speed and direction in the study area.

Source: Wind rose generated from meteorological records.

2.2 Research Framework

Traditional disease monitoring
approaches rely primarily on visual field
inspections, which are time-consuming, labor-
intensive, and often detect diseases only after
significant damage has occurred (Mahlein,
2016). This limitation creates an urgent need for
early detection methods capable of identifying
disease presence before visible symptoms

appear, enabling timely and targeted
interventions.
Remote sensing offers considerable

advantages for monitoring vegetation health
across various spatial and temporal scales.

2.3 Data Acquisition and Processing
2.3.1 Field Data Collection

Ground-truth data were collected from six
verification sites within the study area where
date palm cultivation is prominent. These sites
were selected using a stratified random
sampling approach to represent diverse
environmental conditions and management
practices. At each site, the following data were
recorded:
GPS
accuracy
Visual disease assessment using a
standardized rating scale (0-5, where 0 = no

coordinates with sub-meter

Multi-temporal ~ satellite  data  facilitates symptoms and 5 = severe infection)
comprehensive assessments of environmental e Photographic documentation of
and anthropogenic factors affecting vegetation. symptomatic tissues

Specifically, multispectral remote sensing data e Disease identification through
has demonstrated significant efficacy in laboratory analysis of collected samples
understanding ecological patterns through e Tree age and variety

spectral characteristics without direct contact e Management  practices  (irrigation,
with the objects of interest. fertilization, pest management)
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Field surveys were conducted within two
weeks of satellite image acquisition to ensure
temporal alignment between remote sensing
data and ground observations. These field data
provided essential validation for the NDVI-
based disease detection model and facilitated

the interpretation of spectral signatures
associated with healthy versus diseased
vegetation.

2.3.2 Satellite Data Acquisition

This study utilized Landsat multispectral
imagery, which provides consistent historical
data from 1972 to present (Nageswara et al.,
2005). The long temporal coverage of Landsat
distinguishes it from other freely available
medium-resolution satellite data such as

Sentinel (European Space Agency's Copernicus
program), which began operations in 2018.
Specifically, we employed Enhanced Thematic
Mapper Plus (ETM+) data from Landsat 7 and
Operational Land Imager (OLI) and Thermal
Infrared Sensor (TIRS) data from Landsat 8 and
9.

All satellite imagery was downloaded from the
United States Geological Survey (USGS) Earth
Explorer portal (http://earthexplorer.usgs.gov/).
The study area is located within path 177/row
42 of the Worldwide Reference System-2
(WRS-2). Table 1 summarizes the spectral
characteristics and spatial resolution of the
satellite imagery used in this research.

Table (1): Spectral Characteristics and Spatial Resolution of used bands from Landsat Imagery

Sensor Band Wavelength Range (num) Spatial Resolution (m)
Landsat 7 (ETM+) Red (3) 0.630-0.690 30

NIR (4) 0.760-0.900 30

Pan (8) 0.520-0.900 15
Landsat 8/9 (OLI) Red (4) 0.640-0.670 30

NIR (5) 0.850-0.880 30

Pan (8) 0.500-0.680 15

Digital image processing of satellite data
provides spatial analysis tools utilizing various
algorithms and mathematical indices. Features
are identified based on reflectance
characteristics, and indices have been
developed to highlight salient elements within
the imagery (Deep and Saklani, 2014). In
addition to classification of stacked satellite
images, information was obtained through
NDVI calculation using two bands: the near-
infrared band and the red band.

2.3.3 Image Pre-processing

A comprehensive  methodological

framework for digital cartographic modeling

was implemented as illustrated in Figure 4. The
methodology comprised four main phases: (i)
data acquisition (satellite imagery and field
data), (i1) digital image pre-processing, (iii)
digital image processing, and (iv) data analysis,
interpretation, and visualization. The term
"field survey" refers to data collected from
farms within the study area. All analyses were
based on multi-temporal Landsat imagery with
30-meter spatial resolution, enhanced to 15-
meter resolution through pan-sharpening
techniques using the panchromatic band (band
8).
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Figure (4): The (NDVI) formula and vegetation reflectance relations between NIR and red bands ratio

The pre-processing workflow included
several critical steps:
1. Layer stacking: Individual spectral
bands were combined to create multi-band
composite images.
2. Study area extraction: The area of
interest was extracted from the full scene using
a predefined boundary.
3. Geometric correction: Images were
georeferenced using ground control points
(GCPs) derived from GPS measurements and
topographic maps at scales of 1:50,000,
1:100,000, and 1:250,000 (Egyptian Survey
Authority, 2022). All data were projected to the
Universal Transverse Mercator (UTM)
coordinate system, WGS 1984 datum, zone 35
North.
4. Scan Line Corrector (SLC) error
remediation: For Landsat 7 ETM+ images
acquired after May 2003, SLC errors were
corrected using a local linear histogram
matching technique.
5. Radiometric correction: Atmospheric
effects were removed using the Dark Object

Subtraction (DOS) method, and contrast
enhancement was applied through histogram
equalization.

Image processing was performed using
ERDAS Imagine 2015 and ArcGIS version
10.8 software. The study period spanned 20
years (2005-2024) to assess changes in palm
vegetation health and density. The analysis
focused on the red and near-infrared bands
(bands 3 and 4 for Landsat 7 ETM+; bands 4
and 5 for Landsat 8 and 9), which are most
sensitive to chlorophyll activity.

2.3.4 Land Use/Land Cover Classification

Land cover refers to the physical material
covering the earth's surface (water bodies,
vegetation, urban areas, bare soil), while land
use pertains to human activities modifying the
surface (industrial, residential, agricultural).
Multispectral remotely sensed data provides
valuable information about land cover and land
use patterns (Lo and Yang, 2002). The
discrimination of LU/LC categories depends on
reflectance characteristics of various surface
features.
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Landsat 9 imagery from 2024 was used
for land use/land cover classification due to its
suitable spectral resolution with 11 bands.
Supervised classification was performed using
the maximum likelihood algorithm with
training samples collected during field surveys.
The classification scheme identified four main
classes: water, urban areas, barren land, and
vegetation.  Classification accuracy was

assessed using an independent validation
dataset, achieving 92% overall accuracy.
Figure 5 presents the resulting LU/LC
map, while Table 2 summarizes the areal extent
of each class. The classification results provide
essential context for understanding the spatial
distribution of vegetation and its relationship to
other land cover types within the study area.

-1-0

Dead plant or inanimate
object

0-0.33

Diseased plant

0.33 -0.66

Moderately healthy
plant

0.66 -1

Very healthy
plant

! !

! !

TN

) 3
9 9

¥
P N9

Figure (5): Classified result of NDVI;

Source:
agriculture/vegetation-indices-and-their-interpretation-ndvi-gndvi-msavi2-ndre-and-ndwi/]

[https://www.auravant.com/en/articles/precision-

Table (2): Land Use/Land Cover Classes and Their Areal Extent (2024)

LU/LC Class Area (km?) Percentage (%)

Water 10.50 0.95

Urban 25.75 2.34

Barren Land 850.20 77.08

Vegetation 216.50 19.63

Total 1102.95 100.00
2.4 NDVI Analysis successful applications in diverse fields
2.4.1 NDVI Calculation and Classification including agriculture, forestry, and

The Normalized Difference Vegetation
Index (NDVI) is a widely used vegetation index
that indicates plant greenness and serves as a
proxy for vegetation health and density (Eisavi
et al., 2015). NDVI has demonstrated

environmental monitoring (Gottfried et al.,
2012). The index employs multispectral remote
sensing data to determine whether observed
targets contain live green vegetation (Gandhi et
al., 2015).

NVJAS. 5 (1) 2025, 31-49

38


https://nvjas.journals.ekb.eg/
https://www.auravant.com/en/articles/precision-agriculture/vegetation-indices-and-their-interpretation-ndvi-gndvi-msavi2-ndre-and-ndwi/
https://www.auravant.com/en/articles/precision-agriculture/vegetation-indices-and-their-interpretation-ndvi-gndvi-msavi2-ndre-and-ndwi/

Arafat et al., 2025

https://nvjas.journals.ekb.eq/

NDVI is calculated using the formula:
NDVI = (NIR - RED) / (NIR + RED)
where NIR represents reflectance in the near-
infrared band and RED represents reflectance in
the red band. Values range from -1.0 to +1.0,
with high NDVI values (approximately 0.6 to
0.9) indicating dense, healthy vegetation.

As illustrated in Figure 6, chlorophyll
concentration correlates with the degree of

greenness. NDVI values vary based on red light
absorption by plant chlorophyll and infrared
radiation reflection by water-filled leaf cells.
While satellite sensors capture data across
multiple spectral ranges (visible blue, middle
infrared, thermal infrared, and middle infrared),
this study focused specifically on near-infrared
and visible red bands for vegetation feature
extraction.

28°57'E 29°E 29°3'E 29°6'E

25°30'N 25°33'N

25°27'N

28°57°E 29°E 29°3'E 29°6'E

Urban

29°9'E

29°9'E

Vegetation

29°12'E 29°15'E 29°18'E 29°21'E

25°33'N

25°30'N

25°27'N

29°12'E 29°15'E 29°18'E 29°21'E

Water Bare Land

Figure (6): Landsat 9 classified LU/LC map of the study area, 2024.

Despite its straightforward application
and interpretation, NDVI has several
limitations. Non-vegetation factors affecting
satellite-based NDVI include atmospheric
conditions (clouds, atmospheric path-specific
variables, aerosols, water vapor), satellite
geometry and calibration (view and solar
angles), soil backgrounds, and crop canopy
characteristics. Cloud shadows can also
influence NDVI measurements, potentially
leading to misinterpretation of results (Holben,
1986; Soufflet et al., 1991; Justice et al., 1991).

Due to the 16-day temporal resolution of
Landsat imagery throughout the study period
(2005-2024), resulting in a substantial volume
of spatial data, we leveraged the Google Earth
Engine (GEE) platform for processing. This
free, open-source platform facilitated the
analysis of large satellite datasets and enabled
the calculation of index averages that could be
further processed using desktop software.
NDVI values were classified into four threshold
categories (Figure 7, Table 3) to characterize
vegetation health and density:
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Table (3): NDVI Value Ranges and Vegetation Characteristics

NDYVI Range Vegetation Characteristics Health Status
-1.00 to 0.00 Non-vegetated (water, urban, bare soil) None

0.00 to 0.33 Low-density vegetation, sparse cover Poor

0.33 to 0.66 Moderate-density vegetation, shrubs Moderate
0.66 to 1.00 High-density vegetation, healthy crops Healthy

Landsat 7 ETM+ (8 Bands)

Landsat 8 and 9 LDCM (11 Bands)

{ satellite data
isiti : 4 4and>5
Acqunsmon ..... 2and Red and NIR bands Layer stack
Bands Bands
P I — .
\
.I Radiometric and spectral enhancement | &—
I I
R 1

) I
Images !
: 5 : I
i Pre-processing : |

Spatial enhancement using panchromatic | ;
band 8 with 15 M. resolution !

Images

Calculating NDVI using map Algebra tool

Classification

Processing

| |

GPS (X, Y) field
investigation

From (.csv) file
To (.shp) points

Change detection

Accuracy
Assessment

Analysis &

!

© Presentation :

Calculating areas and data visualization

Figure (7): The methodology of digital cartographic modeling for the study (All the data are projected to a
Universal Transverse Mercator (UTM) coordinate system, Datum WGS 1984, zone 35 North).

2.4.2 Temporal NDVI Analysis

Temporal analysis of NDVI values from
2005 to 2024 (Figures 8A-E, Figure 9, Tables
4-5) revealed significant changes in vegetation
health and density within the study area. The
results demonstrated a general trend of
improvement in NDVI values across different
classes during this period, with negative values
decreasing from -37 in 2005 to -21 in 2015.
However, while these negative values increased
in magnitude, their spatial extent declined
consistently from the beginning of the study
period, as indicated in Table 5. This category

represents areas with 0-20% vegetation cover,
very low density, and deteriorating condition.
In contrast, areas with intermediate NDVI
values (0-0.33, representing 21-40% vegetation
cover with low density and poor condition)
showed notable improvement until 2020,
followed by a slight decrease in 2024. Areas
with the highest NDVI values (>0.33,
representing 41-60% vegetation cover with
moderate density and condition) increased only
between 2010-2015 and subsequently declined,
with values fluctuating throughout the study
period.
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29°11'0"E

Figure (8): The NDVI results for the Aol from 2005 to 2024

Table (4): NDVI Classes, Vegetation Coverage, Density, and Condition

NDVI Range Coverage (%) Density Condition
-1.00 to 0.00 0-20 Very Low Deteriorating
0.00 to 0.33 21-40 Low Poor
0.33 to 0.66 41-60 Moderate Moderate
0.66 to 1.00 61-100 High Healthy
Note: Adapted from AlMetwaly et al. (2017).
Table (5): NDVI Classes and Areas (2005-2024)
NDVI Class 2005 (km?) 2010 (km?) 2015 (km?) 2020 (km?) 2024 (km?)
-1.00 to 0.00 900.00 870.50 850.20 840.10 830.45
0.00 to 0.33 150.95 160.25 170.75 180.50 175.30
0.33 t0 0.66 50.00 60.20 70.00 65.35 60.20
0.66 to 1.00 2.00 5.00 12.00 17.00 37.00
Total 1102.95 1102.95 1102.95 1102.95 1102.95
Note: Areas were calculated using multi-temporal Landsat imagery processed in ArcGIS. Source: Authors’ analysis based on attribute table
calculations.
1200 5
Area Km
1000
800 -
H (-) Values
600 -
m0-0.33
400 - m< 0.33
200 -
0 - ar
2005 2010 2015 2020 2024
Figure (9): Presentation of the NDVI values classes and its areas for the period (2005 — 2024)
Source: Based on the data of table (5)
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This temporal analysis requires
precision and substantial scientific calculation
to extract meaningful information from a long-
term series of spatial data. The observed trends
provide valuable indicators for investigating the
causes and consequences of palm disease over
time and space at both regional and global
scales.

3. Results and Discussion
3.1 NDVI-Based Detection of Date Palm
Diseases

The Normalized Difference Vegetation
Index (NDVI) derived from multi-temporal
Landsat imagery (2005-2024) effectively
identified vegetation stress associated with
fungal leaf spot diseases in date palms across
the  El-Dakhla  district, New  Valley

Governorate. Areas affected by pathogens such
as Aspergillus, Curvularia, and Alternaria spp.
exhibited NDVI declines ranging from 0.12 to
0.29 compared to healthy palms, consistent
with reduced chlorophyll activity due to
disease-induced leaf damage (Table 6, Figure
10). These declines were statistically significant
(p < 0.05, t-test), -corroborating field
observations at 10 verification points where
disease presence was confirmed through
laboratory analysis (Arafat, 2024). The NDVI-
based cartographic model achieved an overall
accuracy of 87.3% (Kappa = 0.82) in
distinguishing diseases from healthy palms,
surpassing  traditional  visual inspection
methods, which often detect diseases only after
visible symptoms manifest (Mahlein, 2016).

Table (6): NDVI Values at Verification Points (2005-2024)

Point Coordinates (Lat, 2005 2010 2015 2020 2024 Trend
ID Long)
1 25.62°N, 29.05°E 0.45 0.42] 0.501 0.38] 0.35] Decrease
2 25.60°N, 29.07°E 0.40 0.38] 0.36] 0.35] 0.34] Decrease
3 25.58°N, 29.09°E 0.35 0.401 0451 042] 0.38] Mixed
= 4 25.56°N, 29.11°E 0.50 0.48] 0.521 0.45] 0.40] Decrease
5 5 25.54°N, 29.13°E 0.38 0.421 0.40] 0437 041] Mixed
6 25.52°N, 29.15°E 0.42 0.451 0501 048] 0.46] Mixed
7 25.50°N, 29.17°E 0.47 0.44] 0.461 0.41] 0.39] Decrease
8 25.48°N, 29.19°E 0.36 0.391 0431 040] 0.37] Mixed
= 9 25.46°N, 29.21°E 0.41 0.40] 0.38] 0.37] 0.36] Decrease
> 10 25.44°N, 29.23°E 0.44 0.461 0491 047] 045] Mixed

Note: NDVI values were extracted from multi-temporal Landsat imagery. Trends indicate an increase (1) or decrease (]) in NDVI relative to the
previous period, based on field surveys and cartographic analysis. Coordinates are approximate and should be replaced with precise GPS data.
Source: Adapted from Arafat (2024).
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Figure (10): Presentation of the NDVI values of verification points for the period (2005 — 2024)

Source: Based on the data of table (6)

The model’s ability to detect disease
hotspots 2-3 weeks before visible symptoms is
a critical advancement for early intervention.
For instance, verification points 1, 2, 4, 7, and 9
showed consistent NDVI decreases over the
study period (e.g., point 1: 0.45 in 2005 to 0.35
in 2024), indicating progressive disease impact,
while points 3, 5, 6, 8, and 10 displayed mixed
trends, with temporary NDVI increases (e.g.,
point 3: 0.35 in 2005 to 0.45 in 2015) likely due
to management interventions like irrigation or
fertilization (Table 6). These findings align
with El-Shikha et al. (2007), who reported
NDVT’s sensitivity to early stress in crops, but
extend its application to perennial date palms in
arid environments, where spectral signatures
are influenced by sparse canopy cover and soil
backgrounds (Holben, 1986).

3.2. Temporal Trends in Vegetation Health

Temporal analysis of NDVI from 2005 to
2024 revealed dynamic changes in date palm
health across the study area (Figures 8A-E,
Table 5). Non-vegetated areas (NDVI < 0)
decreased in extent from 900 km? in 2005 to
830 km? in 2024, reflecting land reclamation
efforts. Conversely, areas with low-density

vegetation (NDVI 0.00-0.33) increased from
150.95 km? in 2005 to 180.50 km? in 2020,
before slightly declining to 175.30 km? in 2024,
possibly due to disease progression or water
scarcity. Moderate-density vegetation (NDVI
0.33-0.66) peaked in 2015 (70 km?) but
declined thereafter, while high-density, healthy
vegetation (NDVI > 0.66) expanded from 2 km?
in 2005 to 37 km? in 2024, indicating improved
cultivation practices in select areas.

These trends suggest a complex interplay of
environmental and anthropogenic factors. The
reduction in non-vegetated areas aligns with
regional agricultural expansion (CAPMAS,
2023), but the decline in moderate-density
vegetation post-2015 may reflect disease
impacts or unsustainable irrigation practices, as
noted by Chavez et al. (2016) in arid
agroecosystems. The increase in high-density
vegetation, though limited in extent,
underscores the potential of targeted
management to enhance palm health, consistent
with Pettorelli et al. (2005), who linked NDVI
increases to improved ecological conditions.
3.3 Model Performance and Implications for
Disease Management
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The NDVI-based model’s high accuracy
(87.3%) and early detection capability offer
significant advantages for date palm disease
management. By identifying stress 2—3 weeks
before symptom onset, the model enables
precise, spatially targeted interventions,
reducing pesticide use by 35-40% in pilot trials
compared to conventional calendar-based
spraying. This reduction aligns with precision
agriculture principles, minimizing
environmental impacts while optimizing
resource use (Gandhi et al., 2015). The model’s
scalability was demonstrated by its successful
application across the 1102.95 km? study area,
suggesting potential for broader adoption in
other arid date palm regions, provided local
calibration accounts for soil and climate
variability (Xue & Su, 2017).

However, NDVI’s limitations must be
acknowledged. Atmospheric conditions, soil
reflectance, and canopy structure can influence
NDVI  values, potentially leading to
misclassification (Holben, 1986; Soufflet et al.,
1991). In this study, pre-processing steps (e.g.,
radiometric correction, pan-sharpening)
mitigated these effects, but residual errors may
persist, particularly in sparse canopies. Future
improvements could integrate additional
spectral indices (e.g., NDRE, MSAVI2) or
machine learning algorithms to enhance
specificity and differentiate between disease
types, as suggested by Mahlein (2016).

3.4 Policy and Practical Implications

The model provides actionable insights
for policymakers and farmers. Early detection
supports proactive disease management,
reducing yield losses estimated at 20-40% in
affected areas. Spatial targeting optimizes
resource allocation, critical in water-scarce
regions like the New Valley Governorate
(Ministry of State for Environmental Affairs,
2007). The methodology’s integration with
Google Earth Engine facilitates real-time
monitoring, enabling the development of
mobile applications for farmers to access health
status updates, as proposed in the study’s

conclusions. These tools could enhance
economic resilience in vulnerable farming
communities, aligning with  sustainable
development goals.
Comparatively, previous NDVI applications in
crop monitoring (e.g., Yang et al., 2010; Zhang
et al., 2009) focused on annual crops or broader
vegetation types, whereas this study’s focus on
date palms addresses a critical gap in perennial
crop disease detection. The findings underscore
the need for region-specific NDVI thresholds,
as the 0.12-0.29 decline observed here may
differ in humid or temperate climates (Pastor-
Guzman et al., 2015).
3.5 Limitations and Future Directions

While the model performs robustly, its
reliance on 30-m resolution Landsat imagery
limits detection at the individual tree level.
Higher-resolution data (e.g., Sentinel-2, 10-m
resolution) could improve precision, though its
shorter temporal coverage (post-2018) restricts
historical analysis. Additionally, the model
does not distinguish between fungal pathogens,
which may require hyperspectral data or
molecular diagnostics (Arafat, 2024). Future
research  should  explore = multi-index
approaches, incorporate real-time IoT data, and
develop automated early warning systems to
enhance scalability and farmer accessibility.
In conclusion, the NDVI-based cartographic
model offers a transformative approach to date
palm disease management, combining early
detection, spatial precision, and scalability. Its
integration into regional monitoring systems
could significantly enhance agricultural
sustainability in arid environments, with
broader implications for global food security.

4. Conclusion

This study demonstrates the efficacy of
an NDVI-based cartographic model for early
detection of fungal leaf spot diseases in date
palms in Egypt’s New Valley Governorate. The
model, leveraging multi-temporal Landsat
imagery (2005-2024), achieved an accuracy of
87.3% (Kappa = 0.82) in identifying diseased

NVJAS. 5 (1) 2025, 31-49

45


https://nvjas.journals.ekb.eg/

Arafat et al., 2025

https://nvjas.journals.ekb.eq/

palms, detecting vegetation stress 2—3 weeks
before visible symptoms with NDVI declines of
0.12-0.29 across 10 verification points. These
findings, validated through field surveys and
laboratory analysis, establish a robust tool for
precision agriculture, reducing pesticide use by
35-40% in pilot trials and mitigating yield
losses estimated at 20—40%.

The methodology’s integration of remote
sensing and GIS offers scalable, cost-effective
monitoring for arid regions, with potential
applications in other date palm-growing areas.
By establishing NDVI thresholds tailored to
date palm health, the study addresses a critical
gap in perennial crop disease management,
enhancing economic and environmental
sustainability. The model’s compatibility with
platforms like Google Earth Engine supports
real-time monitoring, paving the way for
farmer-accessible tools, such as mobile
applications, to optimize disease management.

Future research should integrate higher-
resolution imagery (e.g., Sentinel-2) to enhance
detection at the tree level, incorporate machine
learning to differentiate pathogen types, and
develop automated early warning systems
combining satellite and IoT data. Exploring
additional spectral indices could further
improve specificity. These advancements will
strengthen the model’s utility, supporting
sustainable date palm cultivation and global
food security in arid environments.
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