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ABSTRACT

This study aims to assess drought patterns in the Harem region of northwestern Syria during the spring seasons from 2013 to 2024, using data from Landsat 8
and 9. Drought severity was evaluated and categorized into five classes using the Vegetation Health Index, which combines the Normalized Difference Vegetation
Index and the Temperature Condition Index. Monthly precipitation data were included as a supporting component to evaluate climatic conditions, and the Google
Earth Engine platform was used for processing and spatiotemporal analysis. The findings revealed fluctuations in drought severity, with the 2017—-2019 period
being the most affected, particularly in 2019, when land surface temperature (LST) reached its highest levels and vegetation health markedly declined. The 2020—
2024 period, by contrast, showed gradual improvement in vegetation health and a reduction in the extent of severe drought. The study also indicated that the
relationship between precipitation and drought severity is nonlinear, with LST playing a key role in determining drought intensity. To improve the management
of water and agricultural resources and reduce the effects of drought on local communities and ecosystems, this study highlights the importance of adopting
advanced monitoring and forecasting strategies that incorporate artificial intelligence technology.
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1. Introduction

One of the most hazardous natural occurrences that has a significant
impact on ecosystems and human communities worldwide is
drought. Tracking and evaluating the impacts of drought is more
challenging because, unlike other natural catastrophes that strike
quickly, it develops slowly and has lingering effects that can last for
months or even years (Sugg er al, 2020; Wilhite and Glantz, 1985).
Global climate change has worsened the issue in recent decades by
increasing the frequency and severity of drought occurrences
(Trenberth er al, 2014). This growing threat highlights the urgent
need to develop advanced and efficient tools and techniques for
drought monitoring and impact analysis on both the environment
and communities (Kim and Jehanzaib, 2020; Adisa, Masinde, and
Botai, 2020). Syria is also frequently exposed to drought. Over the
past few decades, the country has witnessed an increase in the
frequency and severity of drought periods, which has exacerbated the
problems of desertification and the degradation of agricultural lands.
This has been reflected in living conditions and a decline in per capita
income due to annual fluctuations in agricultural land productivity
(Atik eral, 2024). Several studies indicate that Syria has experienced
multiple severe drought waves in recent decades (Karmoka er al,
2019; Mathbout er a/, 2025), which has greatly affected water and
agricultural resources (Hameed er a/, 2020). In this context, remote
sensing technologies have played a vital role in enhancing our
capacity for extensive drought monitoring (Kogan, 1995; Nepsta er
al, 1994). Recent years have witnessed tremendous advancements in
these technologies, opening new avenues for real-time
environmental change monitoring and analysis. The Landsat series of
satellites stands out as one of the primary sources of space data
among the crucial space tools contributing to drought studies,
providing precise historical records spanning more than 40 years of
continuous Earth surface observation (Belward and Skgien, 2015;

Goward er al, 2021; Wulder er a/, 2022). Landsat 8 and Landsat 9
satellites are capable of providing multispectral data at high spatial
resolutions of up to 30 meters per pixel, with coverage cycles
repeating every 16 days (Irons and Masek, 2006; Masek er a/, 2020;
Roy er al, 2014). These features make Landsat an ideal tool for
monitoring changes in vegetation cover and land surface conditions,
which helps improve our ability to track the effects of drought on the
environment. The ability to analyze temporal and spatial changes
using these space data provides valuable tools for researchers and
planners to assess drought severity and predict potential impacts,
enhancing adaptation strategies and reducing negative effects on
local communities and ecosystems (Bhaga er a/, 2020; Zhang et al,
2021). Recent studies show that remote sensing techniques can
provide a thorough and precise representation of drought conditions,
assisting in identifying vulnerable regions and assessing their severity
(Agarwal er al, 2024). Additional studies have demonstrated the
value of these techniques in tracking variations in vegetation cover
and understanding how droughtimpacts various ecosystems (Li eral,
2024). With the increasing volume of available space data, there is a
need for powerful platforms that can efficiently process and analyze
these data. Google Earth Engine (GEE) represents a paradigm shift in
this field, offering massive computing power and a vast archive of
space data. The platform enables researchers and specialists to
process and analyze large datasets without the need for extensive
local computing resources and supports the development of
interactive applications that can be shared with the scientific
community (Ayek and Zerouali, 2025; Bhowmik and Bhatt, 2024;
Qazvini and Carrion, 2023). The Vegetation Health Index (VHI) is an
enhanced drought monitoring index (Hu er al, 2020), which
combines vegetation cover and land surface temperature (LST)
information into a single index. The VHI integrates two main indices:
the Vegetation Condition Index (VCI), based on the Normalized
Difference Vegetation Index (NDVI), and the Temperature Condition
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Index (TCl), based on LST, and measures plant heat stress. VHI has
been applied in various environments and geographical areas. It can
precisely identify agricultural drought conditions, detect early
vegetation stress, and be used for studying various natural and
cultivated vegetation covers (Alqadhi er al, 2025; Hang er al, 2024;
Javan er af, 2025; Karmoka and Hanjagi, 2023; Zeng et al, 2022) to
assess the impacts, severity, and classification of drought and to
monitor the temporal and spatial changes of drought conditions. It
may also be used to track actual vegetation drought across different
agricultural and climatic regions while accounting for meteorological
variables (Bhuiyan er a/, 2006). Given the increasing challenges of
drought and its impacts on food security and water resources, there
is an urgent need to develop user-friendly and effective drought
monitoring applications. These applications can support decision-
makers in water and agricultural resource management, researchers
in studying drought patterns and trends, farmers in planning
agricultural activities, and institutions in emergency planning and
drought response. The present study aims to develop an integrated
application on the GEE platform to derive and analyze the VHI using
Landsat 8 and 9 data. The application focuses on areas with
vegetation cover only to ensure assessment accuracy, provides an
interactive user interface to select the analysis time period, calculates
and analyzes drought intensity, and generates detailed reports on
drought conditions. This study represents an important step toward
developing effective drought monitoring tools that can be used by a
wide range of users, contributing to improving our understanding
and management of this complex natural phenomenon.

2. Materials and Methods

2.1. Study Area:

The Harem region is located in the northern part of the Idlib
Governorate, in the far northwest of Syria. It extends between
latitudes 35°55'50" and 36°20'26" north of the equator and
longitudes 36°22"35" and 36°49'59" east of the Greenwich line
(Figure 1). With an estimated area of 768 km?, it constitutes 14.1% of
the Idlib Governorate's total area. The Orontes (al-Asi) River forms its
western boundary; Mount Simeon, its eastern boundary; the Amgq
Plain and the Afrin River, its northern boundary; and the Al-Roj Plain,
its southern boundary.

Figure 1: The geographical location of the study area
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The region contains three low-lying hilly bands (Barisha, Al-A'la, Al-
Waustani) that run along the north—south axis. The highest peak of Al-
Waustani Mountain is 870 meters, while the lowest pointis 89 meters,
located north of Salgin near the Al-Omq depression. Plains and
depressions such as Al-Roj, Sardin, and Al-Dana are also present and
are hydrologically linked to the basin. The lower Orontes has a semi-
humid Mediterranean climate with cold, rainy winters and moderate,
dry summers.

2.2. Used Data:

An integrated set of satellite data from the Landsat 8 and Landsat 9
satellites was used. Together, they provide continuous coverage of
Earth’s surface every eight days at a spatial resolution of 30 meters.
The Landsat Collection 2 Level-2 dataset was utilized, featuring
advanced radiometric and geometric processing to ensure data
quality and reliability. The data included the primary spectral bands
for calculating the NDVI—the red band (SR_B4) and the near-
infrared band (SR_B5)—as well as LST data derived from the thermal
band (ST_B10) using the single channel algorithm. Additionally,
monthly precipitation data from ERA5-Land were used to represent
climatic conditions in the study area. The study period covered 2013
to 2024, focusing on the spring season (March to May), which
represents the main vegetation growth period in the region.

2.3. Research Methodology:

The VHI was calculated and analyzed using a sequential system of
related procedures (Figure 2). The process began with the
preprocessing of raw data from Landsat 8 and 9. Quality masks were
applied to exclude pixels affected by clouds and shadows. Spectral
band values were converted to reflectance values, and thermal band
data were converted to LSTs in Celsius. The red and near-infrared
bands were used to calculate NDVI, and areas with vegetation cover
were identified by excluding non-vegetated areas usingan NDVI> 0.2
threshold (Yu eral, 2014).

Figure 2: Flow chart of research methodology

Data Collection
Landsat-8 & 9

Data Processing

Quality Assessment

Data Conversion
DN to Reflectance

Index Calculation

NDVI Calculation
Land Surface Tempreture Calculation
Vegetation Mask
NDVI=0.2
C VCI Calculation j

VHI Calculation
0.5%xVCI + 0.5%TClI

TCI Calculation )

Drought Classification

Drought Classes
<10: Extreme
10-20: Severe

20-30: Moderate

30-40: Mild
>40: No Drought

Analysis & Output

Statistical Analysis

( Map Generation ) [ Report Generation with ERAS data )

The NDVI was calculated using Equation (1) (Rouse ez al, 1973):

NIR—RED

NDVI = (1

Where N/Rrepresents the near-infrared band surface reflectance, and
RED represents the red band surface reflectance.

NIR+RED
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The VCl is calculated by determining the maximum (NDVI,,,,) and
minimum (NDVI,,;,) values of the NDVI index for the study period by
applying Equation (2) (Kogan, 1995).
NDVI — NDVImin
V(I = ———— X %100 ()
NDVImax — NDVImin

Concurrently, the TCl is calculated by applying Equation (3) (Kogan,
1995), using the maximum (LST,.,) and minimum (LST ;) values of
LST.

LSTmax —LSTi
T = ————— 100 ©)
LSTmax — LSTmin
Surface temperature values were extracted from Landsat Level 2
products using band ST_B10 by applying conversion factors (scale
factor 0.00341802 and offset factor 149). The values were then
converted from Kelvin to Celsius by subtracting 273.15 degrees

(Equation 4) (USGS, 2023).

LST = [(ST_B10*0.00431802) + 149] — 273.15 (4)

The VCl and TCl indices are then combined with equal weights (0.5)
to obtain the VHI, following Equation (5) (Kogan, 1995).

VHI = 0.5 X vai + 0.5 X T1CI (5)

A diminished VHI value, resulting from a low NDVI and high LST,
indicates suboptimal vegetative condition. In contrast, a higher VHI
value, reflecting high NDVI and lower LST, suggests enhanced
vegetation vitality and health (Tang ez a/, 2020). The VHI is classified
into five categories to determine drought severity: very severe
drought (VHI <10), severe drought (10—20), moderate drought (20—
30), mild drought (30—40), and no drought (VHI > 40).

The methodology concludes with a comprehensive statistical
analysis, including calculation of the areas affected by each drought
category and analysis of temporal and spatial changes. The results are
presented as distribution maps and detailed statistical reports,
supported by rainfall data to illustrate the relationship between
drought and prevailing climatic conditions. The application, Drought
Watch, is designed to display the VHI layer for each user analysis,
showing a color gradient ranging from dark red (dry areas) to green
(wet areas), within a numerical range of 0 to 50.

3. Results and Discussion

3.1. Temporal Analysis of Dry Periods:

With the exception of 2013, 2020, and 2024—when the area
of the no-drought class constituted more than 50% of the study
area, the results showed variation in the distribution of drought
classes across the years, exceeding 50% in most years. In 2013
and 2020, the area of the no-drought category reached 570.42
km? and 527.11 km?, respectively (Figure 3), reflecting the
region's sensitivity to multiple climatic factors, most notably
changes in precipitation amounts, LST, and human—economic
impacts related to the war.

Figure 3: Drought severity trends over the years.
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Three major phases can be distinguished within the study period:
3.1.1. Moderate to mild drought phase (2013—2016)

The extreme drought class was rare during this phase, with the area
impacted by this class never exceeding 0.56 km? in any year. The
percentage of regions not affected by drought (no-drought class)
remained relatively high, reaching 57042 km? in 2013 and
decreasing to 208.29 km? in 2016 (Figure 3). The NDVI average
fluctuated over this phase, with values ranging from 0.29 to 0.45
(Figure 5). Despite some stressful periods, the overall vegetation
condition was considered good, with an index average of 0.38.
During this phase, the average temperature was 31.58°C, and the
average precipitation was 89.72 mm. The majority of the study area
in 2013 appeared green, indicating high values of the VHI and,
consequently, a vital vegetation cover and larger vegetated area. This
is evident from the maps in Figure 4, which illustrate the temporal and
spatial distribution of drought according to the VHI index. Although
at a smaller percentage, the remaining years of this phase also
displayed a spread of green (high VHI values).

Figure 4: The spatiotemporal distribution of VHI values during each phase

Vegetation Health Index (VHI)

2013 2014 2015 2016
w32l %32
L j
P
16 1
zumlg i "

VHI Value

S#&e"‘& & S >
L _},5‘)?’4’ L 5 LR U R K L PR

L K w‘@@#‘a"* m"‘-}"&"}'m‘"?“

2021 2022 2024
; : = 532 E;Q 2 F =
. h i il g Y
X A e[ ot 5 J“‘;\K,‘\(' } = j\«/"\"“_) / 20
o i i 4 .16 4 2L R e X
? I A ; e
5 o RS seouYh h 7
5 {‘

L

3600 Mf‘ S wos ] i \{..\: & 3 Study Area
| ¥
S P FIL -
Ry f@"y”'»‘v"'@&@'ﬁ Rt gt S I e v g

Figure 5: Standard deviation and average NDVI values for the studied time series
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3.1.2. Severe drought phase (2016—2019)

The percentage of regions experiencing severe drought increased
significantly during this phase, indicating that the vegetative cover was
in an unhealthy condition with decreasing vitality. This is in line with
the conclusion drawn by Mathbout er a/. (2025), which showed that
throughout the years 2008, 2010, 2016, and 2017, Syria witnessed a
concentration of severe drought waves, especially in the central and
northern regions. The phase was accompanied by an increase in the
average LST, which recorded 32.1°C, indicating that temperature
played a role in the drought condition during this period. Furthermore,
it was accompanied by a notable increase in the average amount of
precipitation (143.7 mm), suggesting that one of the primary causes of
the drought's increased severity was the temperature rise. The highest
percentage of areas experiencing severe drought in the time series,

Ayek, AAE, Karmoka, S.F. Hasan, AT. and Loho, MA. (2025). Assessing drought patterns using landsat-derived vegetation health index during spring (2013—2024). Scientific Journal of King Faisal University: Basic and Applied
Sciences, 26(1),51—6. DOI: 10.37575/b/agr/250013


https://ee-mostafaayek1.projects.earthengine.app/view/droughtwatch
https://ee-mostafaayek1.projects.earthengine.app/view/droughtwatch

54

113.54 km?, was recorded in 2019. Numerous factors contributed to
this, including natural ones such as high LSTs. For example, 2019 had
the highest average surface temperature value during the study period
at 34.9°C, indicating that the area experienced unusually high-water
pressure in the spring of that year. Unnatural factors also played a role,
including human activity through logging and overgrazing, particularly
in areas with natural vegetation cover (FAO, 2020), as well as the
consequences of the war, which affected the energy sector (fuel and
electricity) required to supply irrigation water in agricultural areas
(Jaafar er al, 2017). This resulted in a decrease in the area of planted
vegetation cover and a decline in its health and production status
(Sukkar er al, 2024). Based on the drought class distribution maps
(Figure 4), the majority of areas appeared dark red, indicating a decline
in the health and vitality of vegetation cover. This condition was due to
heat stress from high LSTs and the accompanying human factors from
military operations and the difficulty of accessing and maintaining
agricultural lands. This indicates the state of severe drought during
these years.

3.1.3. Gradual recovery phase (2020—2024)

During this phase, the areas afflicted by severe drought declined to
only 1.75 km?in 2024, indicating a gradual enhancement in drought
conditions and relative stability. On the other hand, the areas not
impacted by drought expanded to 333.4 km?2 in 2024, showing that
environmental conditions had generally improved. In addition, the
average LST decreased to 28.56°C in 2024, reducing heat stress on
plants, while the average precipitation was 114 mm during this
phase. The year 2024 recorded a high rainfall of 124 mm. An obvious
enhancement in vegetation cover was shown by the 2024 NDVI,
which recorded one of the highest values in the time series at 0.41.
Increased positive human activity and an effective precipitation—
temperature balance contributed to this improvement. Due to better
economic and environmental conditions, along with increased recent
precipitation, the vegetation cover area (NDVI > 0.2) also expanded
during this phase (Figure 6). In 2024, it increased to 741.39 km?
indicating a gradual recovery of agricultural lands. Additionally, a
decline in dark red—dominated regions was observed, reflecting the
decrease in severe drought classes and the increase in areas showing
no drought, indicated by green color shades. These areas were

distributed throughout the study area (Figure 4), particularly in 2020,
which witnessed a significant and rapid recovery of vegetation cover
after the severe stress experienced in 2019. This recovery was
attributed to the noticeable decline in average LST values by 2.95°C
compared to 2019 and the accompanying improvement in
precipitation, which reached 120.41 mm in 2020.

Figure 6: The vegetated cover area for the studied time series.
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3.2. Factors that Influence Drought:

3.2.1. The relationship between surface temperatures and drought

. The findings demonstrated that high LSTs were frequently associated
with severe droughts. For instance, despite relatively significant
precipitation, 2019 witnessed a notable decline in vegetation health
due to comparatively high temperatures.

®  On the other hand, 2024 saw a temperature decrease compared to
previous years, which had a positive impact on vegetation cover.

3.2.2. The role of precipitation

®  Although precipitation plays a crucial role in determining the severity
of drought, the results indicated that the relationship is not necessarily
linear. The mean NDVI values and rainfall amounts showed a weak
and insignificant correlation (R = 0.09).

° In some years, such as 2019, high precipitation did not have a clear
positive effect on reducing drought due to high temperatures and
their negative effects on soil and vegetation.

° In contrast, in other years, such as 2023 and 2024, precipitation
played a more prominentrole inimproving environmental conditions,
as reflected in the general enhancement of vegetation health
indicators and the high value of actual precipitation in these two
years.

4. Conclusions

This study assessed drought patterns and vegetation health in the
Harem region from 2013 to 2024, and the main findings are
summarized as follows:

®  Since 2019 experienced the greatest rate of severe drought and the
highest LSTs during the research period, it can be considered the peak
drought year.

®  Inrecentyears (2020—2024), the study area has gradually improved,
with an increase in the area of healthy vegetation and a decrease in
drought intensity.

®  The relationship between precipitation and drought severity is not
direct, as LSTs play a crucial role in determining the extent to which
vegetation is affected by drought. Therefore, the prevalence and
severity of drought cannot be judged based on rainfall alone;
temperature levels must also be considered. This makes monitoring
climate change essential for understanding drought dynamics.

(] In the long term, the results revealed a persistent pattern of mild
drought in the region, with affected areas ranging between 200 and
400 km? during most of the study years. It was noted that very severe
drought events, although relatively rare, remained intermittently
present, indicating that the region experiences frequent cycles of
stress due to high temperatures or human-induced destruction of
agricultural lands and a decline in agricultural service operations.

®  The results also showed significant variation in the distribution of
different drought classes between years, with 2017 having a large area
impacted by moderate drought (304.07 km?), while 2018 recorded
the largest area of moderate drought (344.5 km?).

®  Regarding vegetation cover, the area covered by vegetation
progressively shrank (NDVI > 0.2) from 760.97 km? in 2013 to the
lowest value of 723.08 km2in 2022.

5. Recommendations

®  The study area, Harem, is located within Idlib Governorate, which
borders Turkey. Since the outbreak of the Syrian crisis, this area has
witnessed ongoing military operations and widespread population
displacement. During the study period (2013—2024), the area was
outside the scope of any government support, regulation, or
monitoring programs, resulting in a complete absence of data on the
vegetation inventory or the state of the region’s ecosystems.
Furthermore, no reports were available from any governmental or
non-governmental entity documenting the state of the vegetation
cover during this period.

(] This demonstrates the practical significance of the model, as it
provides real-time and rapid data on the current state of vegetation
cover and drought conditions in the region. It highlights the
importance of the model and its potential to assist decision-makers in
proposing necessary measures as quickly as possible after detecting
an environmental problem. The model relies on the GEE platform,
which provides continuous data with a long archive and near-real-
time updates. It also helps decision-makers identify and navigate to
affected areas to carry out rapid intervention and support operations,
serving as a spatial indicator that accurately identifies areas exposed
to climatic and non-climatic stresses. The model is distinguished by its
potential for application in other areas, expanding its usefulness in
supporting environmental and agricultural rehabilitation efforts.

®  The study area urgently needs rehabilitation of existing irrigation
networks and the establishment of new ones to meet agricultural
development needs. Depending on the availability of groundwater
resources, it is also suggested to establish a network of wells to
enhance available water sources.

® To achieve resource sustainability and improve agricultural
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productivity, it is recommended to implement modern irrigation
projects aimed at minimizing water waste and optimizing water use.
Itis also suggested to expand the use of drought-resistant agricultural
varieties in line with prevailing climatic conditions.

®  To support farmers and enable them to replant their lands, it is
essential to provide improved seeds, fertilizers, and other agricultural
production inputs. Additionally, a structured pastoral program should
be established to determine the appropriate seasons for opening and
closing pastures, thus protecting vegetation cover while ensuring
fodder needs are met.

®  Based on these results, along with time series analysis approaches to
forecast future developments, it is crucial to improve ongoing
monitoring of LST, as it is closely associated with drought changes.
Since NDVI, LST, and precipitation data can be integrated to produce
more precise studies of long-term drought trends, creating Al-based
models (neural networks and deep learning) is a promising first step
in this direction. This will help empower decision-makers to take
proactive steps to safeguard agricultural resources and reduce the
detrimental effects of drought on regional ecosystems.

®  Furthermore, the use and analysis of thermal sensor data in parallel
with soil and moisture information can be a key component in
improving the accuracy of drought assessment.

®  This approach opens new avenues for understanding the impacts of
drought on agricultural production and vegetation cover, helping to
develop more efficient strategies to mitigate its effects and enhance
the sustainability of ecosystems and agriculture in the future.
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