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Greenhouse gas (GHG) emissions have made climate change the 21st century’s foremost 

environmental crisis. As one of the world’s top 15 carbon dioxide (CO₂) emitters—driven 

by heavy fossil fuel production and consumption—Saudi Arabia launched the Saudi Green 

Initiative (SGI) to cut emissions and defend against climate impacts. Carbon 

sequestration—especially via vegetation—plays a vital role, with plants by absorbing and 

storing atmospheric CO₂ through photosynthesis. Despite the Kingdom’s limited forest 

cover, its native vegetation holds the potential to passively remove atmospheric carbon at 

no direct cost. With rapid urban expansion accompanying Saudi Arabia’s economic 

transformation, understanding the trade-offs between development and ecosystem services 

such as carbon sequestration has become increasingly important. Among the Kingdom’s 

natural resources, Juniperus procera (J. procera) —the dominant juniper species found 

along the Sarawat Mountains—offers a promising opportunity. While studies in Ethiopia 

have identified J. procera as one of the top plant species for carbon sequestration, similar 

research in Saudi Arabia remains scarce. This thesis aims to assess the carbon sequestration 

potential of the Al Baha Region, with a specific focus on its juniper forests. It estimates 
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both historical carbon sequestration over roughly the past two decades and forecasts 

capacity up to the year 2033.  

This study applies supervised Land Use/Land Cover (LULC) classification in Google Earth 

Engine (GEE) using the Random Forest (RF) algorithm and predicts future LULC with a 

hybrid Cellular Automata–Artificial Neural Network (CA–ANN) model via QGIS’s 

Modules for Land Use Change Simulations MOLUSCE plugin. Historical analysis reveals 

a 494% increase in urban areas and a 47% loss in forest cover—trends expected to continue 

through 2033. The resulting LULC maps, both historical and projected, were integrated 

into Stanford’s the Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST) 

model to estimate carbon density and sequestration over time. Zonal Statistics in ArcGIS 

Pro was used to extract carbon values by LULC type. Results show a historical carbon 

storage loss of approximately 209.56 million megagrams of carbon (Mg C), a 29.37% 

decline from baseline. Although projections suggest a modest recovery of 19.67 million 

Mg C by 2033, at the current rate it would take 97 years to return to the original carbon 

baseline. 

Finally, the findings of this study highlight the critical importance of integrating carbon 

sequestration and ecosystem service considerations into regional planning and 

development policies. The methodology employed  offers a replicable framework for 

similar assessments in other semi-arid and montane regions. Furthermore, the study 

provides a data-driven foundation for initiatives under the Saudi Green Initiative and 

Vision 2030. 
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 ملخص الرسالة 

 براء فيصل عبدالله بخاري  الاسم الكامل:

 غابة عرعر سعودية على امتصاص الكربون عنوان الرسالة: تحليل زماني مكاني لتقييم التغير في قدرة 

 التخصص: علوم بيئة 

  2025 تاريخ الدرجة العلمية: مايو

قائمة التحديات البيئية العالمية في القرن الحادي والعشرين، حيث تحتل   (GHGs) تصدرّت انبعاثات الغازات الدفيئة

نتيجة لإنتاجها   (CO₂) دولة من حيث انبعاثات ثاني أكسيد الكربون  15المملكة العربية السعودية مرتبة ضمن أعلى  

من   للحد  الخضراء"  السعودية  "مبادرة  المملكة  أطلقت  السياق،  هذا  وفي  الأحفوري.  للوقود  الكبيرين  واستهلاكها 

المناخ تغير  ومكافحة  الكربون وتخزينه   .الانبعاثات  احتجاز  امتصاص   —يمثل  يتم من خلالها  عملية طبيعية  وهو 

خدمة بيئية هامة تؤديها النباتات من خلال عملية التمثيل   — الكربون من الغلاف الجوي وتخزينه في الغطاء الحيوي  

ثاني أكسيد في المملكة، فإن غطائها النباتي المحلي يمتلك القدرة على إزالة    الغاباتالضوئي. وعلى الرغم من قلة غطاء  

وفي ظل التوسع العمراني السريع المصاحب للتحول الاقتصادي الكبير  .الكربون من الغلاف الجوي دون تكلفة مباشرة

الكربون. ومن بين   امتصاصالذي تشهده المملكة، تزداد الحاجة إلى فهم التوازن بين التنمية وتقديم الخدمات البيئية مثل  

وهي النوع السائد في سلسلة جبال   — (Juniperus procera) أشجار العرعريعية في المملكة، تعُد  الموارد الطب

النوع في    —السروات   إثيوبيا أكدت كفاءة هذا  أجُريت في  الرغم من أن دراسات عديدة  الواعدة. فعلى  من الأنواع 

الرئيسي    الدراسة  هذهلذلك فان هدف   .الكربون، إلا أن دراسات مماثلة في السعودية لا تزال نادرة  امتصاص وتخزين

.  خلال السنوات الماضية .الكربون    امتصاصعلى  غابات العرعر في منطقة الباحة  قدرة  التغير في كفاءة وتقييم  هو  

 .2033، وتوقّع القدرة المستقبلية حتى عام العقدين الماضيينوتشمل الدراسة تقدير الكربون المحتجز تاريخيًا خلال 
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)تم    العشوائية"  "الغابة  خوارزمية  الأرض  Random Forestاستخدام  الأراضي/غطاء  استخدامات  لتصنيف    )

(LULC( التاريخي في محرك جوجل الأرضي )Google Earth Engine ونموذج هجين يجمع بين الخلايا الذاتية ،)

(Cellular Automata( والشبكات العصبية الاصطناعية  )Artificial Neural Networkلتوقّع الــ )LULC    في عام

2033  ( الأراضي  استخدام  تغير  محاكاة  وحدات  نموذج  برنامج  MOLUCEبواسطة  في   )QGIS  التحليل يكشف   .

وهو اتجاه يتُوقّع  — %47 % في المساحات الحضرية، بينما تراجعت الغابات بنسبة  494التاريخي عن زيادة بنسبة  

تقييم القيمة المتكاملة   نموذج    التاريخية والمستقبلية الناتجة ضمن  LULC  . تم دمج خرائط2033أن يستمر حتى عام  

التابع لجامعة ستانفورد لتقدير كثافة الكربون وعمليات احتجازه مع    (InVEST)لخدمات النظام البيئي والمفاضلات  

لاستخراج قيم الكربون   ArcGIS Pro( في  Zonal Statisticsمرور الزمن. كما استخُدِمت أداة الإحصاءات المكانية )

مليون    209.56لكل نوع من أنواع استخدام الأراضي. أظهرت النتائج فقدانًا تاريخيًا في مخزون الكربون يقُدَّر بنحو  

 % مقارنةً بالأساس. وبالرغم من أن التوقعات تشير إلى 29.37(، وهو انخفاض بنسبة Mg Cميغاغرام من الكربون )

، إلا أنه على هذا المنوال من المتوقع أن يستغرق نحو  2033بحلول عام    Mg Cمليون    19.67استرداد طفيف بنحو  

 عامًا للعودة إلى مستوى كثافة الكربون الأصلي.  97

دمج اعتبارات احتجاز الكربون وخدمات النظم الإيكولوجية ضمن    خيرًا، تسلطّ نتائج هذه الدراسة الضوء على أهمية  وأ

التنمية.   الإقليمي وسياسات  لذلك،  التخطيط  في إضافةً  لتقييمات مماثلة  للتكرار  قابلًا  إطارًا  المستخدمة  المنهجية  تقُدمّ 

مناطق شبه جافة وجبلية. علاوة على ذلك، توفر الدراسة أساسًا قائمًا على البيانات لدعم المبادرات المتعلقة بالمبادرة  

 .2030السعودية الخضراء ورؤية 
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1 CHAPTER 1  

INTRODUCTION 

1.1 Carbon Dioxide (CO2) and Climate Change 

One of the most significant challenges of the 21st century is combating climate change that 

is driven by continued greenhouse gas emissions (GHGs) (Zhou and Wang, 2016) and has 

been linked to increased environmental degradation (Walther et al., 2002).  Reddy (2015), 

highlighted that GHGs act as blankets in the atmosphere, keeping it warmer the more they 

accumulate. This, in turn, affects our planet, especially the hydrosphere, since it is a major 

carbon sink. Oceans, the largest component of the hydrosphere, absorb large amounts of 

CO2. Since CO2 in seawater forms carbonic acid, the more CO2 oceans absorb, the more 

acidic they become, which ultimately endangers sea life (Burger, John and Frölicher, 

2020). Friedlingstein et al. (2019) estimated that, as of the industrial revolution, the ocean 

has absorbed around a quarter of the CO2 released through anthropogenic activities. While 

oceans are doing the planet a service by slowing global warming, it does not come without 

costs. This is primarily due to the fact that the tradeoff here comes at the expense of the 

acidification of seawater thereby altering its chemical composition (Gattuso and 

Buddemeier, 2000; Caldeira and Wickett, 2003; Orr et al., 2005; Doney et al., 2009). 

Global warming also affects other spheres of the environment. As highlighted earlier, the 

atmosphere’s overall mean temperature keeps climbing and this changes the physical 

structure of the atmosphere. For example, Vallis et al. (2015) used integrations from the 

fifth phase of the Coupled Model Intercomparison Project (CMIP5) and found that the 
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height of the troposphere will likely increase in response to a warmer climate, both during 

transient response as well as in the ultimate equilibrium phase. Lavee (2022) found a 

correlation between climate conditions and eco-geomorphic processes, along with 

additional variables such as organic matter content and infiltration rates. Moreover, they 

observed changes in the spatial distribution of vegetation as well as soil properties 

highlighting the potential impact of climate change on both the lithosphere and biosphere. 

The Intergovernmental Panel on Climate Change (IPCC) stresses that average global 

temperatures should not exceed 2oC; to achieve this target, global GHG emissions should 

be reduced to half by the year 2050 (Pan, Teng and Wang, 2014). Amongst the various 

GHGs emitters, Saudi Arabia ranked 11th in a list of CO2 emitters driven by fuel 

combustion in 2018 (Alajmi, 2022). The main driver of Saudi CO2 emissions is its 

dependency on fossil fuels. Thus, Saudi Arabia needs to invest in energy efficiency to 

achieve climate goals and ultimately lead to environmental advances (Alajmi, 2022).  

Figure 1.1 presents the per capita rate of CO2 emissions of Saudi Arabia. 
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Figure 1.1 Per Capita CO2 emission, Saudi Arabia1 

1.2 Carbon Sequestration in the Terrestrial Domain 

Carbon sequestration is the process of storing carbon removed from the atmosphere, in 

carbon sinks in the biosphere (Jithila and Prasadan, 2018). As highlighted in section 1.1, 

oceans are the largest carbon sink by volume on Earth. Another very important carbon sink 

is plants, as they remove around one-fifth of the carbon present in the atmosphere annually 

(Keenan and Williams, 2018). Plants store CO2 during photosynthesis as biomass (Jithila 

and Prasadan, 2018) and it is estimated that the overall carbon removal flux exceeds the 

emission of carbon into the atmosphere resulting from the combustion of fossil fuels by a 

factor of more than ten (Keenan and Williams, 2018; Le Quéré et al., 2018). This process, 

 
1 Source: https://ourworldindata.org/grapher/co-emissions-per-capita?tab=chart&country=~SAU  

https://ourworldindata.org/grapher/co-emissions-per-capita?tab=chart&country=~SAU
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however, is countered by the plant’s respiration, and in some cases forest fires, which 

release carbon back into the atmosphere (Chapin, Matson and Vitousek, 2011; Keenan and 

Williams, 2018). The carbon exchange, which involves the absorption of carbon through 

photosynthesis and its release through respiration, fluctuates throughout the day and night, 

as well as over the seasons. This process follows natural cycles that last from decades to 

millennia. In the last century, the process of biosphere respiration has led to a significant 

and enduring net carbon removal from the atmosphere by terrestrial ecosystems worldwide 

(Pan et al., 2011; Ballantyne et al., 2012).  

Keenan and Williams (2018) highlighted that natural habitat, such as forests and oceans, 

have the capacity to sequester carbon by facilitating the transfer of carbon from ephemeral 

labile reservoirs like leaves and hummus to enduring reservoirs characterized by slow 

turnover rates, such as standing biomass or recalcitrant organic matter in soils. The capacity 

to sequester carbon is contingent upon the equilibrium of time an ecosystem allocates to 

acting as either a carbon sink or a carbon source, as determined by its ability to absorb CO2 

from the atmosphere. In one year, an ecosystem can act as a carbon sink, while in another 

year it can act as a carbon source. However, in order to store more carbon, it must function 

as a sink over extended periods of time. Figure 1.2 presents the terrestrial carbon cycle 

including photosynthesis, anthropogenic (fossil fuel emissions, biomass burning, land use) 

and natural emissions (autotrophic and heterotrophic respiration, wildfires, volcanic 

eruptions), weathering, erosion, and transport. 
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Figure 1.2 Carbon cycle including both natural and anthropogenic sources (Keenan and Williams, 2018) 

 

1.2.1 Methods of Measuring Carbon Sequestration and Carbon Density 

Many methods are used to measure the carbon sequestration capacity of plants and are 

classified as follows: (i) forest biomass expansion factor method, (ii) micrometeorological 

methods, (iii) model simulation methods grounded on growth processes, and (iv) methods 

reliant on remote sensing estimates (Byrd et al., 2018; Gomes et al., 2019; Khan et al., 

2019; Pham et al., 2019; Poorazimy et al., 2020; Pang et al., 2022). 

According to Pang et al. (2022), among these options, the conventional ground-based 

methods have the capability to yield precise and reliable information. Nevertheless, the 

substantial investment of time and labor necessary for conducting wide field surveys results 

in increased expenses, rendering them unsuitable for the real-time mapping of carbon 

density across expansive regions. On the other hand, techniques that rely on remote sensing 
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estimations are more extensive in terms of both time and geography. They provide the 

benefit of being cost-efficient, capable of dynamically reversing forest carbon density 

throughout a specific area, and capable of monitoring forest carbon density without causing 

any damage. Accordingly, the use of remote-sensing-based estimate methods has emerged 

as the prevailing approach for assessing forest carbon density. 

1.3 Juniper Forests 

In the Middle East, as well as East Africa and Central Asia, Juniper forests are considered 

a characteristic features of those regions’ arid, and semi-arid mountains (Hall, 1984; 

Farjon, 1992; Bekele, 1993; Gardner and Fisher, 1996). Within Arabia, they are mainly 

found along the mountains bordering the Red Sea, namely the Sarawat Mountains which 

stretch from Jordan all the way to Yemen (El-Juhany, 2009; Pellikka and Alshaikh, 2016) 

with some Juniper species found in Oman (Gardner and Fisher, 1996). In Arabia, two 

Juniper Species, Juniperus phoenica L, and Juniperus procera, exist along western Arabia 

while the third, Juniperus excelsa, is restricted to the northern mountains of Oman (Gardner 

and Fisher, 1996; El-Juhany, 2009; Pellikka and Alshaikh, 2016).  

El-Juhany (2015) highlighted the resilience of Juniper species, noting their ability to adapt 

and thrive across diverse environments. These trees withstand extreme temperature 

fluctuations and arid conditions that often prove fatal to other plants. However, despite 

their hardiness, many Juniper species are experiencing widespread decline and mortality 

in regions around the world. 
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1.3.1 Juniperus procera 

Juniperus procera stands out as the most dominant species in Saudi Arabia (Pellikka and 

Alshaikh, 2016). First described as a new species by Endlicher (1847) in 1984, J. procera 

largely presents in the mountainous regions of East Africa and the western part of Arabia 

(Kerfoot, 1963; Gardner and Fisher, 1996). Notably, it is the only juniper species to exhibit 

natural growth in both the northern and southern hemispheres, unlike all other juniper 

types, which are restricted to the northern hemisphere (Adams, 2014). 

The distribution of this species has a natural range that includes the following countries: 

Congo, the Democratic Republic of Congo, Djibouti, Eritrea, Ethiopia, Kenya, Malawi, 

Saudi Arabia, Somalia, Sudan, Tanzania, Uganda, Yemen, and Zimbabwe. This species is 

also found in Australia, India, and South Africa, although as an invasive species (Orwa, 

2009). Figure 1.3 presents the global distribution of Juniperus procera. 

Juniper dieback, which emerged in the 1980s, has led to forest degradation in southern – a 

phenomenon observed in multiple studies globally and in Saudi Arabia (El-Juhany, 2015). 

In Saudi Arabia, J. procera are present at altitudes between 1000 – 3000 meters above sea-

level (m asl), below which they are replaced by Acaia spp (Zahran, 2000; El-Juhany, 2015). 

They are especially abundant at altitudes above 1600 m asl where they account for around 

95% of the tree species present (El-Juhany, 2015).  
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Figure 1.3 Global Distribution of Juniperus procera – modified from (Orwa, 2009; El-Juhany, 2015) 

 

1.4 Remote Sensing  

Remote sensing is a technique of gathering geoinformation required to study the condition 

or changes of environmental and social systems and processes (Kresse and Danko, 2022). 

It enables the generation of data with different levels of detail, including geometric, 

spectral, radiometric, and temporal resolutions, to address various problems. Mather (2000) 

noted that the basis of remote sensing is inspired by analytical chemistry. In analytical 

chemistry, spectroscope is used to measure electromagnetic radiation absorption and 

scatter on an item or its emitted characteristics to determine its qualities. Satellite and 

aircraft remote sensing are predicated on the identical methodology. Moreover, analytical 

chemists make use of imaging techniques such as scanning electron microscopy (SEM). 
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Therefore, whether intentionally or unintentionally, the principles governing the 

interpretation of remotely sensed images resemble those employed by analytical chemists. 

As highlighted in Section 1.2.1, Remote sensing has become the most popular method of 

calculating carbon density and hence sequestration. In this research, remote sensing will 

be utilized along with the Integrated Valuation of Ecosystems Services and Tradeoffs 

software (InVEST) to assess the degradation in carbon sequestration capacity of Juniper 

forests in Southwestern Saudi Arabia. Additional details on the methodology will be 

discussed in Section 3 titled “Methodology”. 

1.5 Aims and Objectives 

The overall aim of this research is to understand the carbon sequestration potential of 

natural juniper forests of Saudi Arabia. They are natural assets that the kingdom can 

capitalize on in order to mitigate against its carbon footprint driven by extensive use of 

fossil fuels.  

The objectives of this thesis can be summarized as follows:  

1. Estimating the carbon sequestration capacity of Al-Baha region’s Juniper 

forests for the period between 2003 and 2023;  

2. (ii) Forecasting future the carbon sequestration capacity for the year 2033 

assuming the current trends of urban development remain.  
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2 CHAPTER 2  

LITERATURE REVIEW 

2.1 Juniper Forests in Saudi Arabia 

About 1% of Saudi Arabia’s landmass is forests and woodlands with around 80 to 90% of 

forests being juniper forests (Abo-Hassan, El-Osta and Sabry, 1984; El-Juhany, Aref and 

Al-Ghamdi, 2008; El-Juhany, 2009; Pellikka and Alshaikh, 2016). They are largely 

distributed along the Sarawat Mountains stretching from Jordan to Yemen and consist 

mainly of the species J. procera (Pellikka and Alshaikh, 2016) (Figure 2.1).  

These forests, situated along the mountain slopes, play an important role in the 

environment. They support, amongst other things, the following (Pellikka and Alshaikh, 

2016): 

• Land stabilization; 

• Soil fertility; 

• Watershed protection; 

• Agroforestry; 

• Grazing; 

• Firewood collection; and 

• Charcoal production; 
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Figure 2.1 Sarawat Mountains (Alberti et al., 2023) 

The decrease of J. excelsa in Oman and J. procera and J. phoenica in the Sarawat 

Mountains has been a concern for the juniper forests as their trees exhibit necrotic branches, 

complete necrosis, or the absence of berries or male cones (Gardner and Fisher, 1996; 

Fisher, 1997). Fisher (1997) presented four theories on climate change at various 

geographical and temporal scales, which suggest that the trend increases as altitude 

decreases. Additionally, overgrazing has also been identified as a significant factor 

contributing to alterations in the microclimate, global temperature elevation resulting in 

heightened spring temperatures, recurrent droughts, and a prolonged escalation of aridity, 

which can be traced back to around 5000 years ago. El-Juhany (2009) identified several 

factors that contribute to the degradation of juniper forests. These include inadequate 

natural regeneration caused by fires and grazing, excessive goat grazing on low branches, 
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overcutting for fuelwood and building materials, soil erosion resulting from abandoned 

terraces and runoff, and road construction leading to reduced water resources and buried 

root systems. 

The removal and deterioration of forest cover can result in the compaction of soil, leading 

to a reduction in its infiltration capacity. This, in turn, can lead to runoff and potentially 

even floods during periods of rainfall. The generation of groundwater is also reduced due 

to the downward flow of water into the valleys (Costa, Botta and Cardille, 2003).  

Against these potential negative outcomes, forest vegetation plays a crucial role in 

providing protection against rainfall and surface erosion (Poesen, Ingelmo‐Sanchez and 

Mucher, 1990). Due to occult precipitation, plant volume can hold atmospheric moisture, 

resulting in an extra 20% of precipitation (Pellikka and Alshaikh, 2016). However, due to 

the decrease and deterioration of juniper forests, the trees have seen a substantial reduction 

in their ability to capture atmospheric moisture through their moisture-absorbing canopy 

(El-Juhany, 2009).  

The juniper forests in Southwest Saudi Arabia have been steadily declining for some time. 

In 1989, Asmodé (1989) observed their decline especially at low altitudes. Moreover, the 

highlands of Asir have exhibited extensive decline especially in altitudes lower than 2400 

m asl (Blot and Hajar, 1994; Fisher, 1997). Pellikka and Alshaikh (2016) estimated the 

overall loss of junipers in Al Baha city with around a 10% reduction occurring in the period 

1984 to 2014 and attributed the losses to anthropogenic urban development. 
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In this context, examining the drivers for the decline in Juniper forests in Saudi Arabia 

becomes necessary. There have been many studies hypothesizing the reasons and drivers 

behind the decline. Newton and Newton (1996) associated the decline of juniper forests 

with many factors, including human use for construction and fire wood, overgrazing, and 

the dieback of older trees caused by climate change. El-Juhany (2009) noted that the 

deterioration in Saudi Arabia’s juniper forests is evident via inadequate regeneration of the 

primary tree species, the proliferation of dieback on juniper trees, and the abandonment of 

agricultural terrace systems. Al-Ghamdi and Jais (2012) attributed the decline of J. procera 

to their limited ability to regenerate in their native environment, while Pellikka and 

Alshaikh (2016) attributed the decline in carbon sequestration, biodiversity, erosion 

control, and water supply in Al-Baha governate to urban development, the construction of 

recreation areas, and dieback. 

2.1.1 Carbon Sequestration Potential of Juniperus procera 

Juniperus procera has significant carbon sequestration potential. Siraj (2019) examined 

the amounts of forest carbon in Ethiopia's Chilimo-Gaji Forest's woody plants, and 

observed that J. procera contributed significantly to the carbon store (and hence 

sequestration potential) of the forest where it was ranked second amongst seventeen 

encountered species. Meragiaw et al. (2021) investigated the aboveground and 

belowground tree biomass in Kibate Forest in Ethiopia. The authors utilized allometric 

equations to estimate the carbon stock of nine wood species and among them was J. 

procera. Amongst all of the investigated woody plant species, J. procera showed the 

highest carbon stock, and hence, had the highest average carbon sequestration capacity per 
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tree. Another study in Ethiopia investigated Sulula Mofa Forest’s carbon storage and 

sequestration potential (Yimer and Mammo, 2023). The study shortlisted ten different 

species that were the highest contributors of carbon stock in the forest. Juniperus procera 

ranked fourth amongst those ten species.  

Finally, a study investigating carbon stock of a forest in which J. procera was a 

predominant species highlighted that both community-managed natural forests and 

enclosures with high total biomass can repair degraded lands and increase ecosystem 

carbon (Solomon et al., 2017). This highlights the massive resource that Saudi Arabia 

possesses in its effort to combat climate change. Thus, the Kingdom can capitalize on this 

resource by first understanding the sequestration potential and how much has been lost. 

2.2 Carbon Sequestration Capacity Studies in Saudi Arabia 

There have been multiple studies on carbon stock and carbon sequestration capacity in 

Saudi Arabia. Using multiple worldwide geographic information system (GIS) data sets, 

the prospective growth of phytomass stocks due to afforestation/rehabilitation with added 

special water management was evaluated (Akimoto et al., 2011). According to the study, 

further special water management might improve global carbon sequestration capacity by 

roughly 21 Gigatons of carbon (GtC), with Saudi Arabia being one of the most effective 

places for implementation. Then, for the first time, a survey of oil and gas experts primarily 

employed in the Middle East and North Africa region was undertaken to examine how 

carbon dioxide capture and storage may influence Saudi Arabia's future energy policies 

(Liu et al., 2012). The stakeholders questioned generally concur that carbon capture and 
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storage is a top priority for regulating carbon emissions and has the potential to be a 

"gamechanger" in Saudi Arabia. 

Following these two major milestones, a multitude of studies were undertaken to assess 

Saudi Arabia’s carbon stock and carbon sequestration capacities following many 

investigated avenues. Studies who took a geological/geomorphological aspect started-off 

with Jaju et al. (2016) where the study summarized the tectono-stratigraphic framework of 

the Arabian plate and pointed out clear distinctions between the hydrocarbon-producing 

sector and the non-hydrocarbon-producing one. It also emphasized the need for a solid 

grasp of tectonic development and stratigraphy in order to effectively design enhanced oil 

recovery and carbon capture and storage in both industries. Ye et al. (2022) evaluated Saudi 

Arabia's sedimentary basins' geological CO2 storage capacity. They highlighted that the 

eastern part of the kingdom has mainly moderately to highly suitable basins compared to 

the rest of the seventeen basins evaluated. Corrales et al. (2022) performed a geological 

assessment to investigate the potential for disposing of CO2 within the vicinity of Riyadh. 

The authors determined that Riyadh is unsuitable for CO2 disposal, however they did 

propose areas within a 150km radius that might gave the capacity to sequester around 300 

Megatons of carbon. 

Other studies investigated remote sensing and spatial analysis to investigate carbon 

sequestration potential. Mallick et al. (2022) performed an analysis of carbon stocks and 

sequestration potential in Abha City. The analysis indicated that there are carbon losses in 

both agriculture and vegetation citing Urban expansion as a major contributor to CO2 

emissions. El-Hamid et al. (2022) examined the effects of land use and land cover on 
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carbon stocks in the coastal region of Jazan during the years 2009, 2013, and 2021 where 

they observed a decrease in carbon stock between the years 2009 and 2013, followed by a 

rise from 2013 to 2021. Moreover, Eid et al. (2023) employed three distinct mathematical 

functions to forecast the spatial arrangement of volumetric soil organic carbon (SOC) 

density and cumulative SOC stocks in coastal sabkhas across varying depths of soil profiles 

and showed that the distribution of carbon stocks was highly influenced by plant cover.  

Finally, another aspect investigated involved the analysis of specific plants species or an 

overarching soil profile analysis. Eid, El-Bebany and Alrumman (2016) reported on the 

effectiveness of mangrove forests on the Red Sea coast in southern Saudi Arabia at 

sequestering carbon and establishing baseline data on soil organic carbon (SOC). The study 

measured the distribution of soil organic carbon (SOC) and found that the potential for 

carbon sequestration was 3.47 ± 0.05 GtC per year. El-Sheikh et al. (2018) examined the 

vertical distribution of SOC content, soil bulk density, and SOC density in the soil of 

vegetated and barren areas inside Wadi Al-Thulaima. The findings indicated that effective 

management practices have the ability to increase carbon sequestration capacity, as seen 

by the increased soil organic carbon content observed in vegetated areas compared to bare 

sites.  

2.3 Applications of Remote Sensing in Cabon Sequestration Capacity 

The monitoring of carbon sequestration in forest ecosystems is one of the utilities of remote 

sensing (Du et al., 2023). It assists in evaluating the ability of trees worldwide, including 

in urban areas, to store carbon (Tian, 2022). Previous research has employed remote 

sensing methodologies to develop predictive models for the long-term carbon sequestration 
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in forests. An example of such a model is the Grey Prediction Model, which was applied 

in the Greater Khingan Mountains region of China (Tian, 2022). Furthermore, novel 

models such as FlexibleNet have been created to assess the amount of carbon stored in 

forest biomass using Sentinel-2 photos. These models demonstrate enhanced precision and 

effectiveness in comparison to conventional convolutional neural networks (Awad, 2023). 

These technological improvements underscore the importance of remote sensing 

technology in comprehending and overseeing carbon sequestration in forests, thereby 

making a valuable contribution to endeavors aimed at mitigating climate change. 

Carbon sequestration studies in Saudi have also utilized remote sensing, either directly or 

indirectly. An example of indirect utilization is the study by Madugundu et al. (2022) 

which utilized remote sensing to determine the soil organic carbon content and produced a 

digital map outlining the soil organic carbon in the areas between Kharj and Haradh. 

Moreover, Alkhatlan et al. (2020) modeled and mapped the carbon content in submerged 

aquatic vegetation in the Arabian Gulf and highlighted the potential for remote sensing 

applications in carbon sequestration studies in Saudi Arabia. Finally, the most noteworthy 

study undertaken using remote sensing, is the study by Mallick et al. (2022). The authors 

investigated carbon sequestration using remote sensing in Abha city, Saudi Arabia. This 

paper was the inspiration for this thesis, and I will attempt to replicate the methodology 

outlined in that paper for assessing the decline in carbon sequestration capacity but 

expanding it to encompass the entire region of Al-Baha, Saudi Arabia. 
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3 CHAPTER 3 

METHODOLOGY 

3.1 Study Area 

Al-Baha Region is situated southwest of the Kingdom of Saudi Arabia. For the provinces 

along the Sarawat Mountains, elevations can reach up to 2000 m asl (Pellikka and 

Alshaikh, 2016). It is the smallest of the thirteen regions comprising Saudi Arabia with a 

total area of 10,362 km2 where the population is distributed among approximately 1200 

villages (Mobarak et al., 2022)  and totals around 339,174 as of 2022 (MOEP, 2022). 

Moreover, it boasts year-round precipitation with the mountains almost entirely covered 

by Junipers (Mobarak et al., 2022). Figure 3.1 Contains a map of the Study Area and its 

specific location within the Kingdom of Saudi Arabia. 

 

Figure 3.1 Study Area 
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3.2 Land use and Land cover (LULC) Classification and Future 

Prediction 

As highlighted previously, urban sprawl has primarily been linked to the decline of the 

carbon sequestration potential of forests, and this becomes especially relevant for juniper 

forests of Saudi Arabia (El-Juhany, 2009; Pellikka and Alshaikh, 2016; Alkhatlan et al., 

2020; Mallick et al., 2022). This fact makes it essential to investigate historical LULC 

along with providing a projection of future development. 

In this step, Landsat satellite imagery was used to determine LULC across the study area. 

Satellite imagery from the years 2003, 2008, 2013, 2018, and 2023 will be classified to 

determine historical land use and will provide the basis by which future projections can be 

made. The following sections provide a breakdown of the methods for assessing both cases 

of LULC in the study area. 

3.2.1 Classification of Historical LULC 

Global change, urban planning, carbon cycle analysis, and environmental management 

require LULC classification. Many researchers have stressed the need for precise LULC 

mapping utilizing deep learning models, random forests, and machine learning classifiers  

as it helps anticipate urban growth, monitor forest cover, and assist sustainable 

development (Balha et al., 2021; Stateczny et al., 2022; Kouassi et al., 2023; Lin and 

Doyog, 2023). Thus, for informed decision-making, resource management, and 

environmental protection, proper LULC categorization is vital. 
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Given that the study period spans three decades, from 2003 to 2033, the use of two satellites 

to cover this period is warranted. Landsat 7 or Landsat 5 to cover the years 2003 and 2008, 

and Landsat 8 to cover the years 2013, 2018, and 2023. 

Recent advancements in remote sensing include the development of the Google Earth 

Engine (GEE) platform. It is a cloud-based technology that allows access to vast geospatial 

data and offers access to many techniques used for LULC Classification (Kouassi et al., 

2023). It was chosen as the main platform for developing composites, classification and 

calculating LULC change dynamics as it utilizes a programming language and relies on 

cloud computing to remove the stress on the computer itself. Moreover, ArcGIS Pro 3.1, 

was also used for later processing and refinement of the classified maps. 

The classification process involved the selection of six LULC classes: Water, Urban, 

Bare Soil, Crop Lands, Forest, and Range Lands. Training data were collected for the 

LULC classes of interest using high-resolution composite satellite imagery. Random Forest 

(RF), Classification and Regression Tree (CART), and Support Machine Vector (SVM) 

were tested in GEE to classify LULC, and the one with the highest accuracy was adopted 

for the remainder of the study. The variation in the number of samples across different 

LULC classes is primarily due to differences in class distribution and variability within 

each category. Some land cover – such as forests, rangelands and bare soils – types 

naturally occupy larger portions of the study area, leading to a higher number of available 

sample points for those classes. Conversely, smaller or less prevalent classes, such as water 

bodies, may have fewer samples simply due to their limited spatial extent. Additionally, 
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the inherent heterogeneity within certain LULC categories influences sample allocation, 

especially for the case of urban areas and crop lands. 

Table 3.1 presents the six classes, their associated land use code, and the number of samples 

per class while Figure 3.2 provides a snapshot of the composite development and training 

data collection process.  

Table 3.1 LULC Classes and Training Samples 

Class Class Value 
Number of Samples 

2001 2013 2018 2023 

Water 1 5 25 33 31 

Urban 2 37 69 115 287 

Bare Soil 3 91 93 97 98 

Crop Land 4 116 85 80 83 

Forest 5 87 61 62 59 

Range Land 6 29 26 39 34 

 

3.2.2 Accuracy Assessment 

An accuracy assessment was conducted to test the precision of the LULC classification, 

utilizing a confusion matrix that contrasts the classified land cover data with reference data 

obtained from high-resolution satellite images. The overall accuracy was determined as the 

ratio of accurately categorized pixels to the total pixel count in the validation dataset. 

Additionally, the Kappa coefficient was derived from the confusion matrix to assess 

classification accuracy while considering the chance agreement. This metric is often 
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utilized in land cover research as it provides a comprehensive assessment of classification 

efficacy (Feizizadeh et al., 2022).  

The Kappa coefficient is computed via (Eq. 3.1): 

𝑘 =
𝑃𝑜 − 𝑃𝑒

1 − 𝑃𝑒
 (3.1) 

where 𝑃𝑜 represents the observed agreement (the fraction of accurately categorized pixels) 

and 𝑃𝑒 denotes the expected agreement attributable to chance. A Kappa score of 1 signifies 

flawless classification, whereas a value of 0 denotes no agreement beyond the chance-

integration of overall accuracy. Hence, the Kappa coefficient offers a thorough evaluation 

of the classification's reliability and validity. Generally, values between 0 and 1 signify the 

level of agreement and are presented in Table 3.2: 

Table 3.2 Kappa Values Interpretation (Cohen, 1960; McHugh, 2012) 

Kappa Values Interpreted Levels of Agreement 

<=0 No Agreement 

0.01 – 0.20 None to Slight 

0.21 – 0.40 Fair 

0.41 – 0.60 Moderate 

0.61 – 0.80 Substantial 

0.81 – 1.00 Almost Perfect 

 

Moreover, Producer Accuracy (PA) quantifies the probability that a reference pixel is 

correctly classified, reflecting errors of omission, while User Accuracy (UA) measures the 
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likelihood that a classified pixel represents the corresponding land cover on the ground, 

addressing errors of commission (Rwanga and Ndambuki, 2017). Together, these metrics 

provide a comprehensive evaluation of classification performance, ensuring the results are 

robust and suitable for further analysis. The formulas for the calculating both PA and UA 

are as follows (Eq. 3.2 & 3.3). 

𝑃𝐴 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑃𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑎 𝐶𝑙𝑎𝑠𝑠

𝑇𝑜𝑡𝑎𝑙 𝑅𝑒𝑓𝑒𝑟𝑛𝑐𝑒 𝑃𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑡ℎ𝑎𝑡 𝐶𝑙𝑎𝑠𝑠
 (3.2) 

𝑈𝐴 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑃𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑎 𝐶𝑙𝑎𝑠𝑠

𝑇𝑜𝑡𝑎𝑙 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑃𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑡ℎ𝑎𝑡 𝐶𝑙𝑎𝑠𝑠
 (3.3) 

Performing all these accuracy assessments ensure the classification’s integrity and 

reliability. Figure 3.2 provides a snapshot of the GEE analysis for developing composites, 

collecting sample data, and performing the classification. Classifier performance 

comparison is included in Appendix A.1. 
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Figure 3.2 Composite Development, Collection of Training Data and Classification 

3.2.3 Predicting LULC for the year 2033 

The CA-ANN model combines the pattern recognition abilities of Artificial Neural 

Network (ANN) with the spatial capabilities of Cellular Automata (CA).  This hybrid 

method offers a comprehensive tool for LULC modeling while addressing the 

shortcomings of each individual component.  By examining driving factors, the ANN part 

of the model calculates transition probabilities for every cell.  Based on input 

characteristics like elevation, distance to roads, or environmental factors, these 

probabilities measure the possibility that a cell may change from one form of land cover to 

another (Uddin, Mahalder and Mahalder, 2023; Raza et al., 2024).  

On the other hand, the CA component utilizes these transition probabilities to simulate 

spatial dynamics. By incorporating neighborhood interactions, the model ensures that 

spatial dependencies, such as the spread of urbanization or deforestation from adjacent 

cells, are accurately represented. The integration of CA and ANN results in an iterative 
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process where cell states are updated over multiple time steps to predict long-term land 

cover changes (Uddin, Mahalder and Mahalder, 2023; Raza et al., 2024). In this study the 

variable parameters used to assess transition probabilities were elevation and distance from 

roads and are presented in Figure 3.3 and Figure 3.4. 

 

Figure 3.3 Elevation 

 

Figure 3.4 Proximity to Roads 

The Modules for Land Use Change Simulations (MOLUSCE) plugin in QGIS was utilized 

to predict future land use changes based on historical patterns. The model was trained using 

spatial data from 2013 as the initial state and 2023 as the final state, with 2018 as an 

intermediate, to generate the prediction for the year 2033. Validation was conducted by 

comparing simulated 2023 results with actual 2023 LULC data to ensure reliability. The 

ANN process can be seen in Figure 3.5, while Figure 3.6 provides an overarching stepwise 

methodology for the classification and prediction process. 
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Figure 3.5 ANN Process Snapshot from QGIS 

 

Figure 3.6 Stepwise Methodology of LULC Classification and Prediction 
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3.3 Carbon Sequestration Modeling using InVEST 

The carbon storage and sequestration module of the Integrated Valuation of Ecosystem 

Services and Tradeoffs (Invest) model was employed to examine the fluctuations in carbon 

storage. This module primarily integrates LULC data to compute the carbon storage 

capacity of the ecosystem (Lai et al., 2016; Zhu et al., 2021).  

The ecosystem carbon storage is divided into four fundamental carbon pools: (i) the 

aboveground carbon pool mostly encompasses the carbon stored in the live vegetation on 

the land's surface, (ii) the underground carbon pool which primarily encompasses the 

carbon stored in the root system of subterranean plants (iii) The soil carbon pool which 

mostly consists of organic carbon present in the soil, and (iv) Dead organic carbon refers 

to the organic carbon present in deceased plant matter and decaying organic material. Due 

to the challenges in obtaining data on dead organic carbon and its minimal impact on total 

carbon storage (Lai et al., 2016; Mallick et al., 2022), this study does not take into account 

its influence on carbon storage. The calculating formulas for carbon densities are as follows 

(Eq. 3.4 & 3.5): 

𝐶𝑖 =  𝐶𝑖−𝑎𝑏𝑜𝑣𝑒 +  𝐶𝑖−𝑏𝑒𝑙𝑜𝑤 +  𝐶𝑖−𝑠𝑜𝑖𝑙 + 𝐶𝑖−𝑑𝑒𝑎𝑑 (3.4) 

𝐶𝑡𝑜𝑡𝑎𝑙 =  ∑ 𝐶𝑖  ×  𝑆𝑖

𝑛

𝑖=1

 
(3.5) 

Where i is the ith LULC type; Ci is the total carbon density of LULC type in Megagram of 

Carbon Per Hectare (Mg C/Ha); and Ci-above, i-below, i-soil & i-dead represents the carbon density 
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of each carbon sink in Mg C/Ha; Si represents total area of LULC type i in Hectare (Ha); 

and n represents the total number of LULC types. 

The carbon density values were obtained from the 2006 (and refined 2019 version) IPCC 

Guidelines for National Greenhouse Gas Inventories (IPCC, 2006). The report provides 

appropriate methodologies for quantifying the sequestered carbon (Mallick et al., 2022).  

It should be noted that the IPCC report allows for the classification of Sarawat Mountains 

as either tropical montane systems or subtropical montane systems. However, the study 

area’s elevation, presence of dominant indigenous vegetation, moderate temperature and 

consistent cloud cover, all generalized criteria for tropical montane systems (Farjon, 1992; 

Richards, 1996; Bruijnzeel, Mulligan and Scatena, 2011), make it more aligned with 

tropical montane systems as opposed to sub-tropical ones. Therefore, the default values for 

tropical montane systems were extracted from the IPCC report See Figure 3.7. Table 3.3 

presents the carbon pool data extracted/calculated from the IPCC report.  
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Figure 3.7 Global Ecological Zones (Modified from (IPCC, 2006)) 

Table 3.3 Study Area Carbon Pools 

LULC 

Class 

Class 

No 

ABG  

(t C/ha) 

 BGB  

(t C/ha) 

 SOC  

(t C/ha) 

Source/Reasoning from IPCC 

2006/2019 Report 

Water 1 0 0 0 
No carbon stock in water bodies 

as per IPCC. 

Urban 2 5.4 1.5 47.5 
(Chapter 8: Settlements) – Urban 

vegetated areas. 

Bare 

Soil 
3 0 0 21 

(Chapter 2: Generic Carbon 

Stocks) – Tropical dry soils. 

Crop 

Lands 
4 3.1 1.1 32.6 

(Chapter 5: Cropland) – Based on 

generic cropping systems for 

tropical areas.     

Forest 5 160.0 43.2 51.0 

(Chapter 4: Forest Land) – 

Default values for tropical 

montane systems. 

Range 

Lands 
6 6.2 9.9 46 

(Chapter 6: Grassland) – tropical 

moist & wet rangelands. 

Key: 

ABG: Aboveground Biomass Carbon 

BGB: Belowground Biomass Carbon 

LC: Litter Carbon 

SOC: Soil Organic Carbon 
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Finally, Arc GIS Pro 3.1 was used to process the generated carbon density and 

sequestration outputs of the InVEST Model. Specifically, “Raster Calculator” was used to 

convert the values generated by InVEST from tC/pixel to tc/ha (or Mg C/ha), and “Zonal 

Statistics” was used to quantify the Carbon Density and Sequestration contribution per 

class. Figure 3.8 presents the stepwise methodology for developing the carbon storage and 

sequestration model and post processing step. 

 

Figure 3.8 Stepwise methodology for developing the carbon sequestration model 

3.4 Methodological Challenges 

This study acknowledges several methodological challenges that may impact the findings. 

First, the Landsat 7 satellite experienced a malfunction in May 2003, resulting in the failure 

of its Scan Line Corrector (SLC). As reported by NASA, this malfunction caused 

significant gaps in the imagery, reducing its utility for seamless land cover analysis 
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(Markham et al., 2004). Another alternative would be to procure satellite imagery from 

Landsat 5, however, this too proved challenging, as there were no satellite imagery 

available for the year 2003 while the year 2008, which was initially meant to be an interim 

year as this study is conducted in 5-year increments, is corrupt and only partially covers 

the study area. Figure 3.9 and Figure 3.10 present the composites for the years 2003 and 

2008, respectively. 

 

Figure 3.9 Composite of the year 2003 

 

Figure 3.10 Composite of the year 2008 

NASA attempted to fix the sensor malfunction in Landsat 7 but to no avail, ultimately 

offering to distribute interpolated satellite imagery (Markham et al., 2004). While SLC-off 

imagery can be corrected to an extent, its applicability remains limited for high-resolution 

land cover classification tasks in the context of this study. Figure 3.11 and Figure 3.12  

demonstrate the negative effects this produces upon classification where pixels are 

assigned  distinct values based on their associated LULC class and are stretched beyond 

their actual spatial extent. 
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Figure 3.11 Error Streaks in 2007 Map as a result of L7 

Malfunction 

 

Figure 3.12 Error Streaks in 2011 Map as a result of L7 

Malfunction 

 To address this limitation, Landsat 5 imagery from the year 2001 was used as a proxy for 

the year 2003. While the temporal substitution introduces an approximation, this decision 

was made to ensure the inclusion of baseline data for long-term land cover and carbon 

stock analysis. Moreover, for the LULC dynamics and future prediction, only the years 

2013, 2018, and 2023 were used to provide the historical context for the CA-ANN model 

to predict LULC for the year 2033.  

Second, the study utilizes generic carbon stock values derived from the 2006 IPCC 

Guidelines for National Greenhouse Gas Inventories (IPCC, 2006). Specifically, data from 

tropical montane systems for forest cover were used due to the lack of comprehensive, 

region-specific datasets for the Al Baha region. This selection aligns with the ecological 

characteristics of the study area, where juniper forests exhibit similarities to tropical 

montane vegetation in terms of structure and carbon sequestration potential while also 
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corresponding to generalized elevations and latitudes where tropical montane systems 

occur (Spracklen and Righelato, 2014; Willig and Presley, 2016).  

Additionally, certain values used in the InVEST model—such as root-to-shoot ratios—

were not explicitly provided by the IPCC Tier 1 defaults for all land cover types. Where 

necessary, this study relied on values reported in literature and estimations detailed in the 

IPCC report. For instance, a root-to-shoot ratio of 0.27, adopted for the default values for 

tropical montane systems, was assumed for settlements with vegetated cover as cited in 

IPCC (2006) Chapter 4. In the case of bare soils, where it is assumed that vegetation is 

absent, both AGB and BGB are assumed to be zero with SOC assigned a value associated 

with tropical dry regions.  

Furthermore, soil organic carbon values for croplands and grasslands were estimated using 

the Tier 1 stock change methodology, applying modifiers (FLU, FMG, and FI) to the 

reference SOC value used for tropical montane mineral soils. These parameter choices 

were necessary to fully populate the carbon pool inputs required by the InVEST model and 

are considered appropriate proxies under Tier 1 methodology, particularly in contexts 

where localized field data are unavailable. While such generalizations introduce a level of 

uncertainty, they are consistent with global best practices for carbon accounting in data-

limited regions. A detailed breakdown of Carbon stock estimations for each LULC class is 

provided in Appendix A.2 while the output reports generated by the InVEST model are 

included in Appendix A.3. Third, given that the study period will not have a consistent 

interval (i.e. the desired 5-year interval), the results of the carbon sequestration modeling 

will ultimately be normalized to attempt to compensate for this limitation.  



 

34 

 

4 CHAPTER 4 

RESULTS 

4.1 Land Use / Land cover (LULC) Dynamics 

4.1.1 Historical LULC (2001 – 2023) 

Three classifiers were tested to determine overall accuracy through GEE. The RF classifier 

has proved to be the superior classifier and has, therefore, been used to complete the LULC 

classification process. Table 4.1 includes an overview of the accuracy assessment results. 

Detailed presentations of the SVM and CART classifier performance are presented in more 

detail in Appendix A.1. 

Table 4.1 Classifier Accuracy Comparison 

Classifier 
2001 2013 2018 2023 

OA K OA K OA K OA K 

RF 98.5% 0.98 93.4% 0.92 94.2% 0.93 93.1% 0.90 

SVM 80.5% 0.73 82.8% 0.79 81.6% 0.77 81.8% 0.74 

CART 94.0% 0.92 86.8% 0.84 90.8% 0.89 91.3% 0.88 

Key: 

OA: Overall Accuracy 

K: Kappa Coefficient 

 

Examining historical land use and land cover changes offers insights into the LULC 

dynamics within the study area. Significant spatial trends were identified over the selected 

timeframe for the study period. The key findings observed are the significant decline in 

rangelands and forest cover. Rangelands experienced the largest decrease in area with 
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around 2,276 km2 lost between 2001 and 2023 followed by forest cover which dropped by 

around 624 km2 within the same timeframe. Urban areas and bare soils have, on the other 

hand, experienced a significant increase. Urban areas increased by roughly 1102 km2 

whereas bare soil increased by roughly 698 km2. Although at first glance it would seem the 

biggest gain is attributed to bare soil, it is imperative to highlight that the increase in urban 

areas represents an astounding 494% increase from their initial position in 2001. 

Another element to monitor is the rate of change for the key classes. Both urban areas and 

bare soils experienced a massive increase in the duration between 2018 to 2023. The largest 

decrease for forest occurred within the same 2018 to 2023 interval while the biggest loss 

in rangelands occurred within the period from 2001 to 2013. These trends are illustrated in 

Table 4.2  and Figure 4.2, which summarize the area covered by each class over the years.  

Table 4.2 Historical Landover Change dynamics 

Class 

Area (km2) 

2001 2013 2018 2023 
Change (2001-2023) 

Km2 % 

Water 9.23 18.18 21.51 16.66 7.43 80% 

Urban 222.99 424.52 844.773 1324.91 1101.92 494% 

Bare 

Soil 
5797.4 7099.83 5990.85 7495.04 1697.64 29% 

Crop 

Land 
184.06 215.662 141.874 265.941 81.881 44% 

Forest 1331.8 810.212 762.406 707.057 -624.743 -47% 

Range 

Land 
3269.2 2246.73 3053.69 992.834 -2276.366 -70% 
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Figure 4.1 Historical Landover Change Dynamics 

In spatial terms: Urban sprawl has expanded significantly southwest and northeast of the 

Al Baha’s juniper forests. This urban expansion, along with the increase in bare soils, have 

largely come at the expense of the forest’s west and southwestern extension. Figure 4.2 

illustrates these historical trends with comprehensive maps for each examined year. 
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Figure 4.2 Classified LULC Maps 

To guarantee robustness, accuracy evaluations were performed utilizing a confusion 

matrix, Kappa coefficient, PA, and UA. The findings demonstrate overall accuracy values 

consistently above 93% with a minimum Kappa Coefficient value of 0.903; hence, 
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affirming the dependability of the historical classification. Table 4.3 summarizes the 

accuracy assessment results of the RF classifier. 

Table 4.3 Accuracy Assessment of Classified Images  

LULC classes 
2001 2013 2018 2023 

PA UA PA UA PA UA PA UA 

Water 1 1 1 1 1 1 1 1 

Urban 1 1 0.81 0.93 0.89 0.89 0.94 1 

Bare Soil 1 1 1 1 0.94 0.85 1 0.76 

Crop Land 1 1 1 1 0.94 1 0.95 1 

Forest 0.93 1 1 0.87 1 1 1 0.714 

Range Land 1 0.75 0.78 0.78 0.89 1 0.56 1 

Overall Accuracy 0.985 0.934 0.942 0.931 

Kappa Coefficient 0.98 0.919 0.929 0.903 

 

4.1.2 Predicted LULC for the Year 2033 

The comparison between the predicted and actual land use for 2023 provides insights into 

the accuracy of the MOLUSCE-based simulation. By analyzing the differences, we can 

assess how well the model captured spatial transitions and land use dynamics. While the 

predicted map aligns with major trends such as urban expansion and crop land decline, 

some variations exist due to factors like unforeseen development projects, policy changes, 

or natural influences. Figure 4.3 provides a comparison between simulated and actual 

LULC maps for the year 2023. Moreover, and similarly to historical LULC classification, 

accuracy assessment was performed to ensure that although the predicted, or simulated, 

2023 LULC, may not be fully aligned, a degree of accuracy is warranted to proceed with 

predicting the LULC of 2033. This step serves as the validation step for predicting the 
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future LULC of 2033 by confirming if the model predicts an existing LULC map with an 

acceptable overall accuracy and Kappa Coefficient values. Figure 4.4 presents a snapshot 

of this validation step where the model demonstrates an overall accuracy of 84.91% and a 

Kappa Coefficient value of 0.77 demonstrating a substantial level of agreement. Building 

on the observed historical trends, the LULC prediction for 2033 reveals notable shifts that 

may occur under current trajectories. The projected map for 2033 is presented in Figure 

4.5. 

 

Figure 4.3 Actual vs Predicted 2023 LULC Map 
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Figure 4.4 CA-ANN Validation Step 

 

Figure 4.5 Predicted 2033 LULC. 
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The prediction highlights notable projected changes in land cover. Urban areas are 

projected to expand significantly. The model predicts that the area will increase from 1,325 

km2 in 2023 to 1871 km2 in 2033 amounting to a 41% increase. Another increase predicted 

by the model was attributed to rangelands where they are expected to increase from 993 

km2 to 1075 km2 between 2023 and 2033. All other classes are predicted to decrease in 

area with crop land being the most to experience loss followed closely by water. A 

summary of predicted changes is presented in Table 4.4. 

Table 4.4 Updated LULC Change Dynamics 

Class 

Area (km2) 

2001 2013 2018 2023 2033 
Change (2023-2033) 

Km2 % 

Water 9.23 18.18 21.51 16.66 7.32 -9.34 -56% 

Urban 222.99 424.52 844.773 1324.91 1871.06 546.15 41% 

Bare Soil 5797.40 7099.83 5990.85 7495.04 6419.76 -1075.28 -14% 

Crop Land 184.06 215.662 141.874 265.94 112.99 -152.95 -58% 

Forest 1331.80 810.212 762.406 707.06 646.10 -60.96 -9% 

Range Land 3269.2 2246.73 3053.69 992.83 1075.16 82.33 8% 

4.2 Carbon Sequestration Potential 

4.2.1 Historical Carbon Sequestration Analysis (2001 – 2023) 

The InVEST carbon model was applied to historical land use/land cover (LULC) datasets 

for the years 2001, 2008, 2013, and 2023 to estimate temporal changes in carbon storage 

and sequestration across the Al Baha region. In 2001, forested areas stored the highest 

carbon stock, totaling approximately 355.2 million megagrams of carbon (Mg C), with an 
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average of 254.2 Mg C per hectare (Ha). This was followed by rangelands (211.9 million 

Mg C, 62.02 Mg C/Ha) and bare soil (126 million Mg C, 21 Mg C/Ha). Urban areas and 

croplands contributed significantly lower carbon stocks, estimated at 13.18 million Mg C 

(54.1 Mg C/Ha) and 7.12 million Mg C (36.88 Mg C/Ha), respectively. 

By 2013, a pronounced shift in carbon distribution was observed. Forest carbon stock 

decreased to 215.1 million Mg C, and rangelands declined to 148.4 million Mg C, 

reflecting the conversion of natural landscapes to urban, agricultural uses and bare soils. In 

contrast, carbon stored in bare soil increased to 153.6 million Mg C, and urban areas nearly 

doubled their stock to 24.9 million Mg C, indicating intensified urbanization. Croplands 

also showed a modest increase to 8.5 million Mg C. Overall, these changes resulted in a 

net carbon loss of 163.02 million Mg C, representing a 22.85% reduction from the 2001 

baseline.  

Between 2013 and 2018, the region experienced a modest recovery. Although Forest 

carbon continued to decline to 203.8 million Mg C, rangelands rebounded to 197 million 

Mg C, likely due to temporary land abandonment or regrowth. Urban areas continued their 

upward trend nearly doubling again to reach 48.9 million Mg C, while croplands and bare 

soil saw decreases to 130.4 million and 5.6 million Mg C, respectively. This period yielded 

a net positive recovery of approximately 35.22 million Mg C. 

The subsequent period (2018–2023) witnessed renewed declines in total natural carbon 

stocks. Forests dropped further to 188.6 million Mg C, and rangelands experienced a 

substantial reduction to 64.8 million Mg C. Meanwhile, bare soils, urban areas, and 

croplands increased to 162.4 million, 77.6 million, and 10.5 million Mg C, respectively. 
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The net carbon loss during this interval was significant, considering the 5-year interval, 

with a net loss of approximately 81.75 million Mg C. 

Cumulatively, the Al Baha region lost an estimated 209.56 million Mg C between 2001 

and 2023, amounting to a 29.37% decrease in total stored carbon. The most consistent trend 

throughout the study period was the decline in forest carbon stock, coupled with the rapid 

increase in carbon stock within urban areas, primarily reflecting LULC conversion 

processes such as deforestation, rangeland degradation, and urban expansion. 

To account for the unequal time intervals between analyzed years, annualized carbon loss 

and gain values were calculated. Between 2001 and 2013, the region experienced a 

normalized annual carbon loss of 13.59 million Mg C. The 2013–2018 interval showed 

momentary recovery, averaging an annual gain of 7.04 million Mg C per year, followed by 

a renewed decline of 16.35 million Mg C annually between 2018 and 2023.  

These findings highlight the substantial influence of LULC change on ecosystem services, 

particularly carbon sequestration, in a semi-arid montane environment. As forests and 

rangelands are progressively replaced by urban areas and bare land, the region’s capacity 

to store carbon diminishes, underscoring the urgent need for sustainable land management 

and forest conservation strategies. 

These carbon sequestration dynamics are summarized below. Table 4.5 presents the 

average carbon storage capacity per LULC type. Table 4.6 and Figure 4.6 detail the 

estimated carbon stored for each LULC class per year while the spatial patterns of carbon 

sequestration change are visualized in Figure 4.7. 
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Table 4.5 Average Carbon Stored per LULC Type 

Class Average Carbon Stored by LULC Type per Hectare (Mg C/Ha) 

2001 2013 2018 2023 

Water 0 0 0 0    

Urban  54.41   54.41   54.41   54.41  

Bare Soil  21.00   21.00   21.00   21.00  

Crop Land  36.88   36.88   36.88   36.88  

Forest  254.20   254.20   254.20   254.20  

Range Land  62.02   62.02   62.02   62.02  

Table 4.6 Carbon Stock by LULC Type 

Class 
Total Carbon Stored by LULC Type (Mg C) 

2001 2013 2018 2023 

Water 0 0 0 0 

Urban 13,187,885.29 24,931,474.59 48,967,003.65 77,595,640.93 

Bare Soil 126,017,565.55 153,647,284.04 130,367,526.16 162,403,758.25 

Crop Land 7,123,924.67 8,452,379.05 5,604,099.98 10,478,602.98 

Forest 355,184,250.34 215,082,176.22 203,764,938.15 188,633,683.34 

Range Land 211,995,202.03 148,373,042.81 197,000,937.54 64,837,937.21 

Total Carbon 713,508,827.87 550,486,356.72 585,704,505.48 503,949,622.71 

Carbon Gain/Loss during the study periods 

2001 – 2013 -163,022,471.16 Mg C 

2013 – 2018 +35,218,148.76 Mg C 

2018 – 2023 -81,754,882.78 Mg C 

2001 – 2023 -209,559,205.17 Mg C 
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Figure 4.6 Total Carbon Stored by LULC Type 
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Figure 4.7 Historical Carbon Densities 

4.2.2 Forecasted Carbon Sequestration for the Year 2033 

Building upon the historical carbon sequestration trends, the 2033 forecast offers critical 

insight into the projected evolution of carbon storage across the Al Baha region. Using 
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interval-based analysis and LULC predictions, the forecast highlights anticipated changes 

in carbon dynamics across different land cover classes. Forests are expected to remain the 

dominant carbon reservoir, but their ongoing decline, coupled with continued urban 

expansion and shifting vegetation patterns, will significantly shape the region's 

sequestration potential. 

The model predicts a modest recovery in total carbon sequestration capacity—from 503.95 

million Mg C in 2023 to 523.62 million Mg C by 2033. This increase of approximately 

19.67 million Mg C over the decade corresponds to an annual gain of 1.97 million Mg C, 

or 0.39% per year. The recovery is primarily attributed to the partial regeneration of 

rangelands, while urban areas continue to expand. 

However, at this rate, restoring the region’s 2001 carbon stock baseline of 713.5 million 

Mg C would take around 97 years, underscoring the inadequacy of current land use 

trajectories to fully offset past carbon losses. These findings offer a basis for informed land 

management and conservation policies, particularly in tropical montane systems, where 

sustaining forest cover and rangeland health is critical for long-term climate resilience and 

ecosystem services. These temporal changes are detailed in Table 4.7 and Figure 4.8 while 

spatial shifts are visualized in Figure 4.9. 

Table 4.7  Carbon Stock by LULC Type for Baseline Year 2001, Final Historical Year 2023 and Forecasted Year 2033 

Class 
Total Carbon Stored by LULC Type (Mg C) 

2001 2023 2033 

Water  -     -     -    

Urban  13,187,885.29   77,595,640.93   112,910,192.92  

Bare Soil  126,017,565.55   162,403,758.25   149,738,008.40  
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Class 
Total Carbon Stored by LULC Type (Mg C) 

2001 2023 2033 

Crop Land  7,123,924.67   10,478,602.98   4,631,426.94  

Forest  355,184,250.34   188,633,683.34   182,279,700.21  

Range Land  211,995,202.03   64,837,937.21   74,056,217.39  

Total Carbon (Mg C)  713,508,827.87   503,949,622.71   523,615,545.86  

 

 

Figure 4.8 Updated Carbon Storage Data by LULC Type 
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Figure 4.9 Forecasted Carbon Density for the year 2033 
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5 CHAPTER 5 

DISCUSSION 

5.1 Landcover Change Dynamics 

The analysis of historical and predicted land use/land cover (LULC) changes in the Al 

Baha region reveals significant transformations, largely driven by anthropogenic pressures, 

particularly urbanization. Between 2001 and 2023, the most striking trend has been the 

rapid expansion of urban areas, often at the expense of forest cover, croplands, and 

rangelands. This pattern mirrors findings in other mountainous and semi-arid regions, 

where development and demographic pressures have similarly reshaped land cover (He et 

al., 2023, 2025; Ojoatre et al., 2023).  

In the context of Al Baha, multiple studies have independently documented this urban-

driven transformation. Pellikka and Alshaikh (2016), for instance, analyzed land cover 

changes in the juniper-dominated forests around Al Baha governate and found that urban 

sprawl and the construction of recreational infrastructure led to a 10% decrease in juniper 

forest cover, coinciding with a 21% increase in urban built-up areas. Similarly, Shrahily et 

al. (2022) investigated urban growth trends between 1985 and 2021 and concluded that 

urban expansion came at the direct expense of rangelands, forests, and bare land. 

 Alsharif et al. (2022), further confirmed this trajectory in their assessment of LULC 

change from 2017 to 2022, noting not only a continued increase in urban areas but also a 

marked rise in cropland. This suggests that land use is becoming increasingly diversified 

as infrastructure development coexists with intensified agriculture—possibly facilitated by 
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water infrastructure such as rainwater harvesting dams (El-Hazek, 2014). Finally, 

Alzahrani, Aldossary and Alghamdi (2024) reported a staggering 221% increase in urban 

extent in Al Baha governate between 2006 and 2021 and warned that such unregulated 

growth is encroaching upon croplands and ecologically sensitive areas. Their simulation of 

future LULC scenarios projected significant urban growth by 2047, alongside continued 

declines in rangeland and forest areas. 

The findings of the current study are in alignment with these observations. While urban 

areas did not represent the largest LULC category by absolute area, they demonstrated the 

highest proportional growth—expanding by approximately 494% between 2001 and 2023. 

This underscores the intensity and velocity of urban development in the region. 

Projections for 2033 suggest a continuation of this trend, with further expansion of urban 

and agricultural areas expected. This trajectory raises concerns regarding the sustainability 

of ecosystem services such as water regulation, erosion control, and biodiversity 

conservation (Pellikka and Alshaikh, 2016; Shiferaw et al., 2019). The conversion of 

forests and rangelands—ecosystems vital for carbon storage, microclimate regulation, and 

soil stabilization—into built-up or agricultural land could exacerbate environmental 

degradation, particularly in a fragile montane landscape such as Al Baha. 

Moreover, the increase in cropland observed in some parts of the region, as noted by 

Shrahily et al. (2022), may be partly attributed to improved water availability through 

infrastructure such as rainwater harvesting dams (El-Hazek, 2014). These structures, while 

enhancing agricultural potential and water security, can inadvertently promote land cover 
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change and ecological transformation – especially if not paired with land-use planning and 

conservation policies. 

In summary, the land cover dynamics in Al Baha over roughly the past two decades reveal 

an accelerating transition toward urban and agricultural land uses, driven by demographic, 

infrastructural, and economic factors. If current trends continue unregulated, the region is 

likely to face further loss of natural habitats and ecosystem services, necessitating urgent 

intervention in land-use governance and environmental planning. 

5.2 Carbon Sequestration Dynamics 

This study presents a comprehensive analysis of carbon stock dynamics in the Al Baha 

region, combining historical LULC change assessment and predictive modeling using the 

InVEST carbon module. The results demonstrate a consistent decline in forest carbon 

stocks and rangelands over the past two decades, with urban areas and bare soils expanding. 

These changes have resulted in a substantial net carbon loss of approximately 209.56 

million Mg C (−29.37%) between 2001 and 2023. Although the forecasted recovery by 

2033 shows a modest annual gain of 1.97 million Mg C, current land use trajectories are 

insufficient to offset historical losses, requiring nearly a century to return to baseline carbon 

storage levels. 

These trends align with findings from other studies in the Arabian Peninsula and beyond. 

Mallick et al. (2022) in their analysis of Abha City using the InVEST model, similarly 

reported substantial declines in vegetation cover and carbon sequestration due to urban 

expansion. Between 1990 – 2020 Abha lost approximately 34,948.15 Mg C in vegetation, 

corresponding to a 49% decline, with an overall net carbon loss of 183,412 Mg C (−25.8%) 
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comparable to Al Baha’s – 29.37%. However, it is important to note that Mallick's study 

utilized harvested wood product (HWP) data as part of the carbon pool inputs, which may 

skew carbon accounting toward economic forestry practices. In contrast, the present study 

adopts a more ecologically grounded approach, using standardized carbon stock values 

from the 2006 IPCC report, and referencing tropical montane systems (Spracklen and 

Righelato, 2014; Willig and Presley, 2016) to approximate forest carbon density. This 

approach better reflects the environmental and structural characteristics of the Juniperus 

procera-dominated highland forests in Al Baha and enhances the ecological 

representativeness of the model outputs. 

Additionally, findings from other regions support the broader conclusion that urbanization 

and LULC change are key drivers of carbon stock depletion. In a case study from Northern 

Iran, land cover change affected 25% of the study area and resulted in a measurable decline 

in carbon storage. Between 1988 and 2018, total carbon stock decreased by 1.1 million Mg 

C, while further losses of 0.4 million Mg C are projected by 2048. The study identified 

forest preservation as the most effective strategy to enhance carbon stocks (Kohestani et 

al., 2023). Compared to this study, where LULC changes were more moderate, Al Baha 

underwent drastic urbanization and land cover transformation, leading to significantly 

higher carbon stock losses. The severe forest and rangeland declines in Al Baha contributed 

to greater carbon depletion, making it distinct from the relatively stable, yet gradually 

degrading landscape of Northern Iran. Similarly, Grace et al. (2006) and Don, Schumacher 

and Freibauer, (2011) demonstrated that conversion of natural vegetation to urban or 
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agricultural uses leads to significant carbon losses, especially in montane and dryland 

ecosystems. 

The implications of these LULC transitions are far-reaching. Forests and rangelands in Al 

Baha not only serve as carbon reservoirs but also provide critical ecosystem services such 

as water regulation, erosion control, and biodiversity support (Pellikka and Alshaikh, 

2016). Decline in such land cover types suggests a weakening of these services and 

increased ecological vulnerability. If unchecked, these trends could contribute to long-term 

environmental degradation, undermining both local resilience and national climate goals. 

However, this study acknowledges several methodological limitations. First, the quality of 

satellite imagery available for early years posed challenges. The failure of the Scan Line 

Corrector (SLC) on Landsat 7 in 2003 introduced gaps and artifacts that compromised 

LULC classification accuracy. Attempts to substitute 2003 data with imagery from Landsat 

5 were hindered by a lack of complete coverage. Consequently, the year 2001 was used as 

a proxy for 2003 to establish a consistent baseline. Similarly, data for 2008 were corrupted 

and incomplete, resulting in a non-uniform time interval between assessed years. These 

inconsistencies were addressed through normalization of carbon stock change to enable 

consistent temporal comparisons. 

Second, the use of generalized IPCC-based carbon pool values introduces an unavoidable 

approximation due to the absence of local biomass datasets for Al Baha. Nevertheless, the 

selected values—based on comparable tropical montane ecosystems—are defensible 

proxies given the structural similarity of the local juniper forests and regional climate 
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characteristics. These values were applied consistently across timeframes, allowing for 

relative comparisons of change, if not absolute precision. 

Third, while the future prediction model (CA-ANN) provides valuable insight into likely 

LULC transitions by 2033, it inherently simplifies complex socio-environmental 

processes. Variables such as land use policy changes, reforestation programs, or shifts in 

climate conditions are not explicitly captured. Therefore, while the model’s projections are 

robust under current trends, they should be interpreted as a business-as-usual scenario 

rather than deterministic outcomes. 

Despite these limitations, the study offers a rigorous and ecologically valid estimate of 

carbon dynamics in the Al Baha region. The integration of satellite imagery, LULC 

classification, and biophysical carbon modeling provides an important foundation for 

future research and policy interventions. Results from this study can inform strategies 

aimed at protecting remaining forests and rangelands, promoting reforestation, and 

incorporating carbon storage considerations into urban planning. Such actions are vital not 

only for local sustainability but also for contributing to national and global carbon 

neutrality targets. 
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6 CHAPTER 6 

CONCLUSIONS AND RECOMMENDATIONS 

6.1 CONCLUSION 

This study provides a spatiotemporal analysis of carbon sequestration capacity in the Al- 

Baha region of Saudi Arabia, focusing on the dynamics of Juniperus procera forests 

between 2001 and 2023, and projecting trends through 2033. Using a combination of 

supervised classification, machine learning-based land cover prediction, and ecosystem 

service modeling via InVEST, the research quantified carbon stock changes driven by land 

use/land cover (LULC) transformations. The results reveal a sharp decline in carbon 

sequestration capacity over the past two decades, driven primarily by the loss of forests 

and rangelands due to rapid urban expansion. Historically, forest carbon stocks decreased 

by nearly 47%, and rangelands by nearly 70%, resulting in a total carbon loss of 

approximately 209.56 million megagrams of carbon (Mg C), equivalent to a 29.37% 

reduction from the 2001 baseline. Although future projections suggest a modest recovery 

in total carbon storage—driven by partial rangeland regeneration—current land use 

trajectories are insufficient to restore past carbon levels. At the projected rate of 

sequestration, it would take nearly a century to return to the 2001 carbon stock baseline. 

These findings highlight the critical importance of integrating carbon sequestration and 

ecosystem service considerations into regional planning and development policies. The 

methodology employed—particularly the use of IPCC carbon pools adapted to tropical 

montane systems and the application of hybrid CA-ANN modeling—offers a replicable 

framework for similar assessments in other semi-arid and montane regions. Furthermore, 
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the study provides a data-driven foundation for initiatives under the Saudi Green Initiative 

and Vision 2030. 

6.2 RECOMMENDATIONS 

While this study provides a robust scientific assessment of carbon sequestration dynamics 

in the Al Baha region, several opportunities remain to enhance both future research and the 

practical application of its findings in environmental planning and policy. 

Future Research Directions 

1. Development of region-specific carbon stock data: The use of generalized IPCC 

carbon pool values was necessary due to the lack of local data. Future studies should 

conduct detailed forest inventories and field-based biomass assessments to derive 

Saudi-specific allometric equations and improve model accuracy. 

2. Scenario-based LULC forecasting: This study used a business-as-usual approach. 

Incorporating alternative land use scenarios—such as conservation, afforestation, 

or infrastructure expansion—would offer deeper insight into policy impacts on 

carbon stocks. 

3. Inclusion of additional ecosystem services: Future analyses could expand the 

scope to include water yield, soil retention, and habitat quality using other InVEST 

modules, offering a more holistic valuation of overall ecological trade-offs. 

4. Higher temporal and spatial resolution data: With advancements in remote 

sensing (e.g., Sentinel-2), future LULC classifications could improve spatial 

granularity and capture more detailed land dynamics, especially in complex 

mountainous terrain. 
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5. Enhanced spectral and radiometric resolution: In addition to spatial and 

temporal improvements, future studies may benefit from using sensors with higher 

spectral resolution (e.g., hyperspectral imagery) and radiometric resolution (e.g., 

16-bit depth in WorldView-3). These can help better differentiate between 

vegetation types, detect subtle vegetation stress, and improve classification 

accuracy in mixed or degraded land areas especially in heterogeneous terrains like 

Al Baha. 

6. Socioeconomic integration: Understanding the social and economic drivers 

behind land use changes—such as tourism, agriculture, or housing—could provide 

actionable insight for sustainable development planning. 

Practical Applications and Policy Recommendations 

1. Support strategic afforestation and reforestation efforts: The spatial data 

generated in this study can help target degraded forests and rangelands for 

reforestation with native species, supporting the objectives of the Saudi Green 

Initiative and Vision 2030. Priority should be given to areas projected to experience 

continued carbon decline (i.e. forests). 

2. Incorporate carbon stock data into municipal planning: Urban expansion was 

the primary driver of carbon loss in Al Baha. Integrating carbon sequestration data 

into municipal land use planning tools would help local governments balance 

development with ecological preservation. For instance, the Mostadam rating 

system in Saudi Arabia addresses a wide range of sustainability issues and supports 
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the aspirations of Vision 2030, emphasizing the importance of site sustainability 

and environmental considerations in urban planning. 

3. Use LULC-carbon maps to inform Environmental Impact Assessments 

(EIAs): The carbon density and sequestration maps produced can be incorporated 

into EIAs for future development projects, ensuring that carbon loss is considered 

as a measurable environmental impact alongside habitat loss and hydrological 

effects. 

4. Design carbon offset and conservation incentive schemes: With emerging global 

interest in carbon markets, this study could serve as a baseline for nature-based 

solutions in Saudi Arabia. For instance, rangeland restoration and forest protection 

in Al Baha could qualify for voluntary carbon offset projects, if monitored and 

verified. The Kingdom has announced the launch of the Greenhouse Gas Crediting 

and Offsetting Mechanism (GCOM), a voluntary program compliant with Article 

6 of the Paris Climate Agreement, allowing companies to offset their emissions by 

buying credits from projects that voluntarily cut or remove greenhouse gas 

emissions. 

5. Enhance inter-agency coordination: The findings support more collaborative 

action between regional municipalities, the Ministry of Environment, Water and 

Agriculture (MEWA), and academic institutions to align land use policy with 

ecological conservation goals. An integrated land management framework would 

allow for both development and ecosystem service preservation. The Saudi Green 

Initiative represents a transformative vision to create a greener, more sustainable 
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future for Saudi Arabia, emphasizing the importance of coordinated efforts across 

various sectors. 

6. Develop public education campaigns using maps and forecasts 

The LULC change and carbon loss visualizations produced can be valuable tools 

in environmental awareness campaigns, helping to build community support for 

forest protection and sustainable grazing practices in rural areas. 

In conclusion, this research lays the groundwork for future work on carbon sequestration 

in Saudi Arabia's highlands. By building on this foundation, future efforts can strengthen 

the scientific and policy basis for climate resilience, land management, and forest 

conservation in the Kingdom. Moreover, the practical recommendations outlined in this 

study—many of which align with national initiatives like the Saudi Green Initiative—offer 

actionable pathways for decision-makers to integrate carbon data into urban planning, 

environmental policy, and public engagement, ensuring that ecosystem services are 

preserved as development progresses. 
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APPENDACIES 

A.1 Classifier Performance 

A.1.1 Random Forest (RF)  

Classified LULC Maps 
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RF Training Samples 

Class Class Value 
Number of Samples 

2001 2013 2018 2023 

Water 1 5 25 33 31 

Urban 2 37 69 115 287 

Bare Soil 3 91 93 97 98 

Crop Land 4 116 85 80 83 

Forest 5 87 61 62 59 

Range Land 6 29 26 39 34 

 

RF Tuning Parameters 

Parameter Description 
Value Used in 

Script 

Number Of 

Trees 
Number of decision trees to build in the forest 150 

Variables Per 

Split 

Number of variables considered at each split 

(√n by default) 
Default 

Min Leaf 

Population 
Minimum number of observations per leaf node Default 

Bag Fraction 
Fraction of input to sample for each tree 

(bootstrap sampling) 
Default (0.632) 

Max Nodes Maximum number of leaf nodes in each tree 
Default 

(unlimited) 

seed Random seed for reproducibility Not specified 
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Accuracy Assessment 

LULC classes 2001 2013 2018 2023 

PA UA PA UA PA UA PA UA 

Water 1 1 1 1 1 1 1 1 

Urban 1 1 0.81 0.93 0.89 0.89 0.94 1 

Bare Soil 1 1 1 1 0.94 0.85 1 0.76 

Crop Land  1 1 1 1 0.94 1 0.95 1 

Forest 0.93 1 1 0.87 1 1 1 0.714 

Range Land 1 0.75 0.78 0.78 0.89 1 0.56 1 

Overall Accuracy 0.985 0.934 0.942 0.931 

Kappa Coefficient 0.98 0.919 0.929 0.903 

 

Area Calculations 

Class Area Calculation (Km2) 

2001 2013 2018 2023 Change (2001-2023) 

Water 9.23 18.18 21.51 16.66 7.43 

Urban 222.99 424.52 844.773 1324.91 1101.92 

Bare Soil 5797.4 7099.83 5990.85 7495.04 1697.64 

Crop Land  184.06 215.662 141.874 265.941 81.881 

Forest 1331.8 810.212 762.406 707.057 -624.743 

Range Land 3269.2 2246.73 3053.69 992.834 -2276.366 
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LULC Change Dynamics 

 

Link to Script: https://code.earthengine.google.com/97d4cf3a4deb78b845ccbeec9c771934   

https://code.earthengine.google.com/97d4cf3a4deb78b845ccbeec9c771934
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A.1.1 Support Machine Vector (SVM)  

Classified LULC Maps 

  

  
 

 



 

77 

 

SVM Training Samples 

Class  Class Value 
 

Number of Samples 

2001 2013 2018 2023 

Water 1 5 25 33 31 

Urban 2 37 69 115 287 

Bare Soil 3 91 93 97 98 

Crop Land  4 116 85 80 83 

Forest 5 87 61 62 59 

Range Land 6 29 26 39 34 

 

SVM Tuning Parameters 

Parameter Description 
Value Used in 

Script 

Kernel 

Type 

Type of kernel used to transform data space RBF 

gamma Controls kernel influence; inverse of number of 

features 

1/n features 

cost (C) Regularization parameter (penalty for 

misclassification) 

1 

epsilon Convergence threshold for stopping criteria 0.001 

degree Degree of polynomial kernel (if polynomial is 

used) 

3 (not used) 

seed Random seed Not specified 

Note: GEE default values were used for SVM classifier 
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Accuracy Assessment 

LULC classes 2001 2013 2018 2023 

PA UA PA UA PA UA PA UA 

Water 0 0 1 1 1 1 0.85 1 

Urban 0 0 0.8125 1 0.789 1 0.946 0.921 

Bare Soil 1 0.607 1 0.66 0.833 0.65 0.615 0.5 

Crop Land  1 0.916 0.94 1 1 0.9 0.904 1 

Forest 0.937 1 1 0.722 1 0.72 0.9 0.5 

Range Land 0 0 0 0 0 0 0 0 

Overall Accuracy 0.805 0.828 0.816 0.818 

Kappa Coefficient 0.731 0.787 0.772 0.741 

 

Area Calculations 

Class Area Calculation (Km2) 

2001 2013 2018 2023 Change (2001-2023) 

Water 0 5.47 4.08 8.55 8.55 

Urban 0.047 11.28 110.39 2290 2289.953 

Bare Soil 18073.46 23746.98 21811.22 20646 2572.54 

Crop Land  4522.34 332.7 2558.52 629 -3893.34 

Forest 14838.76 10565.58 10768.73 9590.65 -5248.11 

Range Land 0 0 0 0 0 
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LULC Change Dynamics 

 

Link to Script: https://code.earthengine.google.com/d6370eb810b8dc9ea3c99d63d50f5ce9  

  

https://code.earthengine.google.com/d6370eb810b8dc9ea3c99d63d50f5ce9



