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R£SUM£ 

Les s®cheresses menacent les ressources en eau et la productivit® agricole, en particulier dans 

des r®gions semi-arides comme la plaine de Mitidja, en Alg®rie. Cette ®tude ®value de 

mani¯re exhaustive les s®cheresses m®t®orologiques et agricoles en utilisant l'Indice de 

Pr®cipitation Standardis® (SPI) de 1981 ¨ 2040 et l'Indice de Pr®cipitation Standardis® 

Agricole (aSPI) de 1981 ¨ 2021. Les donn®es provenant de neuf stations m®t®orologiques 

ont ®t® minutieusement analys®es apr¯s correction de biais ¨ l'aide des outils CMhyd et 

CHIPS pour am®liorer la pr®cision. Les r®sultats indiquent une distribution ®quilibr®e entre 

mois humides et secs, sans tendance significative d®tect®e dans la s®cheresse m®t®orologique 

(SPI-12) via le test de Mann-Kendall. Cependant, l'analyse de la s®cheresse agricole (aSPI-

12) a r®v®l® une tendance significative ¨ l'augmentation, corr®l®e avec une am®lioration des 

rendements des cultures, en particulier dans la production d'agrumes. Cette am®lioration est 

probablement due ¨ une pr®cipitation ad®quate accrue et ¨ des pratiques agricoles 

modernis®es qui renforcent la r®silience des cultures face ¨ la variabilit® climatique. La 

cartographie spatiale des s®cheresses a identifi® la partie centrale de la plaine de Mitidja 

comme la r®gion la plus sensible ¨ la s®cheresse, l'altitude jouant un r¹le crucial dans 

l'influence de la s®v®rit® des s®cheresses. Ces r®sultats soulignent l'urgence de d®velopper 

des strat®gies de gestion de l'eau adaptatives pour att®nuer les risques de s®cheresse futurs et 

maintenir la productivit® agricole dans un contexte de variabilit® climatique. L'int®gration de 

ces connaissances dans la gestion des ressources en eau et les politiques agricoles est 

essentielle pour garantir la durabilit® et la r®silience des syst¯mes agricoles dans cette r®gion 

vuln®rable. 

Mots-cl®s : S®cheresse, Plaine de Mitidja, S®cheresse m®t®orologique, S®cheresse agricole, 

Indice de Pr®cipitation Standardis®, Indice de Pr®cipitation Standardis® Agricole 
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ABSTRACT 

Droughts threaten water resources and agricultural productivity, particularly in semi-arid 

regions like the Mitidja Plain, Algeria. This study comprehensively assesses meteorological 

and agricultural droughts using the Standardized Precipitation Index (SPI) from 1981 to 2040 

and the Agricultural Standardized Precipitation Index (aSPI) from 1981 to 2021. Data from 

nine meteorological stations were meticulously analyzed after bias correction using the 

CMhyd and CHIPS tools to enhance accuracy. The results indicate a balanced distribution 

between wet and dry months, with no significant trends detected in meteorological drought 

(SPI-12) via the Mann-Kendall test. However, the agricultural drought analysis (aSPI-12) 

revealed a significant increasing trend, correlating with improved crop yields, particularly in 

citrus production. This improvement is likely due to enhanced adequate precipitation and 

modernized agricultural practices that bolster crop resilience against climatic variability. 

Spatial drought mapping identified the central Mitidja Plain as the most drought-sensitive 

region, with elevation playing a crucial role in influencing drought severity. These findings 

underscore the urgent need for adaptive water management strategies to mitigate future 

drought risks and sustain agricultural productivity amid climatic variability. Integrating these 

insights into water resource management and agricultural policies is essential for ensuring 

the sustainability and resilience of agricultural systems in this vulnerable region. 

Keywords: Drought, Mitidja Plain, Meteorological drought, Agricultural drought, 

Standardized Precipitation Index, Agriculture Standardized Precipitation Index 
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Chapter 1 INTRODUCTION 

1.1 Background 

Drought, a complex and multifaceted natural phenomenon, poses significant challenges to 

various sectors, particularly in regions where water resources and agricultural productivity 

are tightly interlinked. It is characterized by extended periods of below-average precipitation, 

resulting in adverse consequences for water supply, agriculture, hydroelectric power 

generation, and wildlife preservation (Panda et al., 2020). The impacts of drought extend 

beyond mere water shortages, affecting entire ecosystems and human livelihoods, 

particularly in regions like North Algeria, where droughts are increasingly frequent and 

severe. 

In particular, the Mitidja Plain, located in the northern part of Algeria, is a crucial agricultural 

production and water resource management area. This region is highly vulnerable to drought, 

as it supports significant agrarian activities, including cultivating cereals, fruits, and 

vegetables, which are integral to local and national food security (Meddi et al., 2014). 

Furthermore, the Mitidja Plain is essential for managing the countryôs water resources, which 

are heavily relied upon by multiple rivers and groundwater reserves. As drought conditions 

intensify, the impact on water availability and agricultural productivity becomes more 

pronounced, posing a significant risk to the regionôs sustainability (Bouderbala, 2018). 

The study of drought in the Mitidja Plain encompasses multiple dimensions, from 

meteorological droughts, marked by a prolonged absence of rainfall, to hydrological 

droughts, which manifest as decreased streamflow and groundwater recharge, and finally to 

agricultural droughts, characterized by the depletion of soil moisture. These interconnected 

stages highlight the gradual progression of drought impacts, which can compromise crop 

yields and water resources. The increasing frequency and severity of droughts in the region 

necessitate a thorough understanding of the underlying patterns and causes to mitigate the 

long-term risks of this phenomenon (Hallouz et al., 2017). 

This research is timely and essential, as projections indicate a decrease in rainfall over the 

coming decades under various climate scenarios, which, if realized, will further exacerbate 

the regionôs challenges. The expected decline in agricultural production and a rapidly 

growing population heighten Algeria's food, water, and energy security risks. Given the 

regionôs reliance on its agricultural sector for both local consumption and economic stability,  
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 addressing the effects of drought on agricultural and hydrological systems is crucial for 

ensuring sustainable development (Meddi et al., 2014). 

Several studies have examined the broader impacts of drought in the Mediterranean region, 

yet limited attention has been paid to the specific context of the Mitidja Plain. As a result, 

there is a significant gap in knowledge concerning the local-scale patterns and trends of 

drought, particularly in terms of its influence on agricultural productivity and water 

availability. Understanding these dynamics is critical for formulating effective mitigation and 

adaptation strategies, especially in the context of the water-food-energy nexus, which 

underscores the interdependence of these three essential resources (Maizi & Boufekane, 

2023). 

Considering the growing concerns regarding climate change and its potential impacts on the 

region, this research seeks to fill this knowledge gap by assessing agricultural and 

meteorological droughts in the Mitidja Plain. Through this investigation, the study aims to 

provide valuable insights into the regionôs vulnerability to drought and to inform the 

development of strategies that can enhance resilience, optimize water management, and 

safeguard agricultural productivity. 

1.2  Problem Statement 

The Mitidja Plain in North Algeria is vital for agricultural production and water resource 

management. Nevertheless, it faces increasing challenges from the rising frequency and 

intensity of droughts, which transition from meteorological to hydrological and agricultural 

phases. This progression significantly reduces precipitation, streamflow, groundwater 

recharge, and soil moisture, adversely affecting agricultural productivity and water 

availability, which are crucial for the livelihoods of local communities and the national 

economy. Despite the importance of addressing these drought phenomena, there is a notable 

lack of detailed, region-specific studies that explore the impacts and trends of agricultural 

and hydrological droughts in this area. Existing research on drought in broader Mediterranean 

regions does not adequately capture the unique interactions between meteorological 

conditions and their effects on water resources and agriculture in the Mitidja Plain. This 

knowledge gap impedes the development of effective drought mitigation strategies, resulting 

in inefficient resource management and increased vulnerability to drought-related risks. 

Therefore, this thesis seeks to fill this critical gap by assessing the trends and impacts of 

agricultural and hydrological droughts over recent decades while considering future 
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projections under various climate scenarios, aiming to inform evidence-based strategies for 

enhancing the regionôs resilience and ensuring sustainable agricultural practices and water 

security. 

1.3  Objectives 

1.3.1  Main Objective  

This study aims to assess meteorological and agricultural droughts over the Mitidja Plain and 

analyze drought trends using the Mann-Kendall Trend test method. 

1.3.2  Specific Objective  

1- To clean, downscale, and simulate future meteorological and hydrological data 

2-To analyze historical and future meteorological droughts using the Standardized 

Precipitation Index (SPI) at various timescales 

3-To analyze historical agricultural droughts using the Agricultural Standardized 

Precipitation Index (aSPI) at different timescales 

4-To provide actionable insights into drought variability and trends in the Mitidja Plain 

1.4 Research Questions 

1. How effective are biased correction and downscaling techniques, such as those 

implemented in the CMhyd tool, in improving the accuracy of drought assessments and 

hydrological modeling for the Mitidja Plain? 

2. How can the Standardized Precipitation Index (SPI) be used to accurately assess 

meteorological droughts in the Mitidja Plain across multiple timescales? 

3. How effective is the Agricultural Standardized Precipitation Index (aSPI) in analyzing 

historical agricultural droughts in the Mitidja Plain? 

4. What are the historical trends and patterns of meteorological and agricultural droughts in 

the Mitidja Plain, and how have these droughts evolved to precipitation variability and 

agricultural productivity? 

5. How do meteorological droughts, characterized by precipitation deficits, correlate with 

agricultural droughts in the Mitidja Plain? 
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6. How can the insights from analyzing drought trends and impacts inform water resource 

management strategies and agricultural policies in the Mitidja Plain, ensuring long-term 

sustainability and resilience to drought? 

1.5  Justification for the Study 

The Mitidja Plain in North Algeria is a region of vital agricultural and economic importance. 

However, it faces growing vulnerability to droughts due to climate variability and climate 

changeôs broader effects. These meteorological, agricultural, or hydrological droughts pose 

serious risks to water resources, agricultural productivity, and food security, critical to the 

regionôs livelihood and economic stability. As a key agricultural zone in Algeria, it is essential 

to understand the patterns and impacts of these droughts to develop effective mitigation 

strategies that align with sustainability principles. 

This study is particularly significant for addressing key challenges related to Sustainable 

Development Goal 2 (Zero Hunger) and SDG 6 (Clean Water and Sanitation). Analyzing 

historical and future drought data using the Standardized Precipitation Index (SPI) and 

Agricultural Standardized Precipitation Index (aSPI) will provide valuable insights into 

drought trends in the Mitidja Plain. These insights will help predict future drought conditions, 

guiding strategies to maintain agricultural productivity and secure water resources. 

The research also fills a critical knowledge gap by focusing on the unique characteristics of 

droughts in this region, which have often been overlooked in global and national studies. By 

providing localized data and tailored recommendations, the study will inform SDG 13 

(Climate Action) by helping stakeholders anticipate and adapt to the impacts of climate 

change on water and agriculture. 

Ultimately, this research will support the development of sustainable water resource 

management and agricultural policies, contributing directly to SDG 15 (Life on Land) by 

ensuring long-term resilience against droughts. The study will provide the knowledge 

necessary to protect and enhance the regionôs natural resources and contribute to the region's 

sustainable development by addressing the complex interactions between meteorological and 

agricultural droughts. 

In conclusion, this study is essential for safeguarding agriculture, water resources, and the 

livelihoods of communities in the Mitidja Plain. Its findings will empower policymakers, 

local authorities, and stakeholders with the data needed to mitigate the adverse effects of 
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droughts and foster a sustainable, resilient future in line with the broader goals of sustainable 

development. 

1.6 Thesis Layout 

This thesis consists of five chapters, structured as follows: 

Chapter 1 ðIntroduction: This chapter presents the background context for the research 

topic, defines the problem statement, outlines the study objectives and research questions, 

explains the significance of the study, and provides a conceptual framework. 

Chapter 2ðLiterature Review: This section synthesizes and critiques published literature 

relevant to the topic. It is organized into seven sections: (1) drought definitions, (2) drought 

types, (3) drought characteristics, (4) drought impacts, (5) drought indices, (6) integrated 

drought assessment approaches, and (7) drought analysis in Algeria. 

Chapter 3ðData and Methodology: This chapter describes the geophysical and climatic 

characteristics of the Mitidja Plain study area. It provides details of the meteorological, 

hydrological, and remote sensing datasets obtained for integrated drought analysis and the 

methodological procedures used for data preparation and drought assessment. 

Chapter 4ðResults and Discussion: This chapter presents the results of the quantitative 

analyses, including those based on the Standardized Precipitation Index (SPI), Agriculture 

Standardized Precipitation Index (aSPI), trend, and correlation analysis. It interprets and 

discusses the key results and compares them with other published findings. 

 Chapter 5ðConclusion and Recommendation: Summarize the major conclusions 

concerning the original research objectives and questions. Make evidence-based 

recommendations for integrated drought monitoring and adaptation strategies in the study 

area and suggest ideas for future research. 
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Chapter 2 LITERATURE REVIEW 

2.1 Overview of Drought 

As a significant natural phenomenon, drought influences various sectors, encompassing the 

economy, agriculture, and human health. Many factors shape this intricate occurrence, 

including ocean-atmospheric interactions, climate variability, and human activities related to 

water utilization. One of the challenges posed by drought is the elevated risks of wildfires, 

attributed to their escalating intensity and accelerated onset amidst changing climate 

conditions (Vicente-Serrano, 2016). 

Within climate studies, drought is a focal point that connects climate fluctuations and water 

accessibility, playing a pivotal role in agricultural, ecological, and hydrological domains. The 

intricate nature of drought stems from its diverse manifestations, meteorological, 

agricultural, hydrological, and socioeconomic, each necessitating robust metrics for precise 

monitoring and quantification as climate dynamics evolve (Vicente-Serrano, 2016). 

Climate models are indispensable tools for comprehending and forecasting drought patterns; 

nonetheless, rectifying biases inherent in these models is imperative to yield reliable 

projections. These models facilitate scrutinizing drought attributes across various 

hydrological parameters, enriching our comprehension of the mechanisms underlying 

drought occurrence and distribution in varied climatic settings ы?ĲШ7ŸĲĦťШѼШéĲƖĤĲĲĦťЯШΞΜΝΝь. 

The repercussions of droughts extend to plant productivity through mechanisms like 

heightened sunlight exposure, increased temperatures, and vapor pressure deficits, rendering 

them a crucial element in ecosystem investigations and simulations ы?ĲШ7ŸĲĦťШѼШéĲƖĤĲĲĦťЯШ

ΞΜΝΝь. The intricate relationship among modifications in precipitation, evapotranspiration, 

and vegetation also affects the intensity and length of droughts, emphasizing their significant 

interrelation with the hydrological cycle and climate changes. 

Efficient drought management strategies and adaptation measures are imperative for 

alleviating the impacts of drought events. Leveraging climate data for surveillance, 

prediction, and trend monitoring is crucial for bolstering preparedness and resilience and 

mitigating the associated consequences and expenses (Finnessey et al., 2016). 
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2.2 Drought Research in Mitidja Plain  

2.2.1  Agricultural Dependency 

 The Mitidja Plain represents a pivotal agricultural zone within Algeria, where water scarcity 

directly influences crop yields and local and national food security. Understanding drought 

patterns and their repercussions plays a crucial role in formulating strategies to mitigate risks 

to agricultural productivity ы7§Ö9cE Ñ§Ö[ШѼШ7E  7?ExfЯШΞΜΞΝьЮ 

2.2.2 Water Resource Management 

The region encounters notable obstacles in managing water resources due to erratic rainfall 

patterns and substantial demand from agricultural and urban domains. Examining droughts 

can facilitate improved planning and distribution of water resources, thereby ensuring 

sustainability and diminishing the likelihood of excessive exploitation of aquifers and surface 

water ы7§Ö9cE Ñ§Ö[ШѼШ7E  7?ExfЯШΞΜΞΝьЮ 

2.2.3  Climate Variability and Change 

Like numerous other regions globally, the Mitidja Plain is undergoing shifts in climate 

patterns. The scrutiny of historical and contemporary drought trends can offer valuable 

insights into the Impact of climate change on regional hydrology and agriculture, thereby 

assisting in enhancing adaptation and resilience mechanisms ы7§Ö9cE Ñ§Ö[ШѼШ7E  7?ExfЯШ

ΞΜΞΝьЮ 

2.2.4 Socioeconomic Impacts  

Droughts exert profound socioeconomic consequences, impacting farmers and entire 

communities reliant on agriculture. Comprehension of these effects can aid in developing 

policies to support affected populations and stabilize the agricultural sector, a linchpin of the 

economy (7§Ö9cE Ñ§Ö[ШѼШ7E  7?ExfЯШΞΜΞΝьЮ 

2.2.5 Environmental Consequences 

Prolonged periods of drought can trigger soil degradation, biodiversity loss, and landscape 

modifications. Research focusing on drought can contribute to endeavors in environmental 

preservation by pinpointing critical areas and periods necessitating intervention 

ы7§Ö9cE Ñ§Ö[ШѼШ7E  7?ExfЯШΞΜΞΝьЮ 
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2.2.6 Policy and Planning 

The efficacious management and response to drought necessitate well-informed policies and 

planning. Through the exploration of droughts, local governments, and planners can devise 

more precise risk evaluations and strategies for emergency response, which are indispensable 

for mitigating the adverse impacts of droughts on the populace and economyы7§Ö9cE Ñ§Ö[Ш

ѼШ7E  7?ExfЯШΞΜΞΝьЮ 

2.3 Drought Definitions 

Numerous definitions of drought are utilized across various disciplines (such as meteorology, 

hydrology, and water resources economy), often referring to different hydrometeorological 

variables. 

There is no precise and universally agreed-upon definition of drought (WMO, 2006). 

Different hydrometeorological variables, socioeconomic factors, and stochastic water 

demand in other regions worldwide make it challenging to define droughts accurately 

(Mishra & Singh, 2010). 

Wilhite and Glantz categorized drought definitions into Conceptual and Operational (Wilhite 

& Glantz, 1985). Conceptual definitions are generally established to help people understand 

the concept of drought and develop drought policies (Kimani, 2019). For example, The 

Oxford English Dictionary (2011) defines drought as the "dryness of the weather or climate" 

(Lloyd-Hughes, 2014). As another example, the World Meteorological Organization (1992) 

glossary defines it as a "period of abnormally dry weather sufficiently prolonged for the lack 

of precipitation to cause a serious hydrological imbalance" (Lloyd-Hughes, 2014). 

This study adopts an operational definition of drought that allows quantitative analysis across 

timescales of meteorological, hydrological, and agricultural droughts, defined in subsequent 

sections. It investigates the relationships between them and captures the entire process, 

starting with the meteorological anomalies that lead to hydrological responses and visible 

impacts on the land surface. 

2.4 Drought Types 

Wilhite and Glantz (1985) identified four categories of drought: meteorological, 

hydrological, agricultural, and socioeconomic. The schematic in Figure (1.2) shows how 

these droughts are related and the temporal lag between them (McCandless, 2014). 
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Figure 1.2: Chronology of drought occurrence and impacts for commonly accepted drought 

types (Source: WMO, 2006). 

2.4.1 Meteorological Drought 

Meteorological drought, being the most common, typically defines drought based on the level 

of aridity and the duration of dry periods. This type of drought is characterized by a period 

exceeding a specific number of days with precipitation below a defined threshold (Panagoulia 

et al., 1998). 

Meteorological drought is a lack of precipitation in a region for an extended period. This 

phenomenon is often accompanied by high temperatures, low humidity, and high winds, 

which increase evapotranspiration rates (Muse, 2022). According to Smakhtin and Hughes 

(2004), meteorological drought occurs when precipitation is below average or expected for 

an extended period. Meteorological drought is regionally specific since the atmospheric 

circumstances resulting in precipitation shortages vary significantly between regions 

(Mulinde et al., 2016). It is described by long-term rainfall records, which makes it difficult 

to define it in regions with highly variable rainfall, such as arid and semi-arid areas or areas 

with insufficient long-term rainfall data (Lake, 2008; Mugisha, 2021).  
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2.4.2 Agricultural Drought 

Agricultural drought arises when soil moisture depletion significantly affects crop and 

pasture yields. Definitions of agricultural drought establish connections between various 

meteorological drought characteristics, emphasizing factors like precipitation deficits, 

deviations from normal conditions, and evapotranspiration(Panagoulia et al., 1998). 

Changon (1987) defined agricultural drought as "when soil moisture is inadequate to meet 

evapotranspiration demands to initiate and sustain crop growth." Tate and Gustard (2000) 

state that agricultural drought focuses on "soil moisture deficits and differences between 

actual and potential evapotranspiration." 

Agricultural drought relates different characteristics of meteorological drought to agrarian 

impacts such as precipitation and evapotranspiration (Wilhite & Glantz, 1985). However, 

there is no direct relationship between precipitation and its infiltration into the soil due to 

multifaceted controlling factors, including antecedent moisture conditions, slope, soil type, 

and the intensity of the precipitation event (WMO, 2006; Winkler, 2017). Consequently, an 

operational definition of agricultural drought demands consideration of the variable 

susceptibility of crops during different stages of crop development (growth, maturity, 

senescence) (Wilhite & Glantz, 1985). This study seeks to explain the intricate relationship 

between meteorological and agricultural droughts, explicitly focusing on crop growth stages. 

2.4.3 Hydrological Drought 

Hydrological drought definitions focus on the Impact of dry periods on surface or subsurface 

hydrology rather than the meteorological aspects. The severity and frequency of hydrological 

droughts are often determined by their effects on river basins, sometimes occurring 

independently of meteorological and agricultural droughts(Panagoulia et al., 1998). 

Hydrologic drought refers to the effects of dry spells on surface or subsurface hydrology 

rather than the meteorological explanation for the event (Wilhite & Glantz, 1985). It is 

defined as the sustained and regionally extensive occurrence of below-average water levels 

in streams, lakes, reservoirs, and groundwater sources (Changon,1987; Mugisha, 2021; 

Nalbantis & Tsakiris, 2009; Winkler, 2017). Among the hydrological variables used to 

determine hydrological drought, streamflow is considered the most significant variable based 

on the amount of water. Therefore, the occurrence of hydrological droughts is related to 

streamflow deficits that affect normal conditions (Nalbantis & Tsakiris, 2009). 
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Generally, there is a significant time lag between meteorological and hydrological droughts 

because it takes longer for water deficits to reach subsurface systems via the hydrological 

cycle (Winkler, 2017). This lag demonstrates the delayed propagation of meteorological 

deficits to their hydrological consequences. 

Understanding the relationship between meteorological and hydrological droughts is 

important for water resource managers and policymakers to better anticipate and plan for 

droughts. Therefore, this study aims to analyze the relationship between these two drought 

types. 

2.4.4 Socioeconomic Drought 

Socioeconomic drought definitions encompass the socioeconomic repercussions of drought 

while incorporating elements of meteorological, agricultural, and hydrological aspects. These 

definitions often relate to the supply and demand of economic importance of considering 

both temporal and spatial processes for an objective drought definition(Panagoulia et al., 

1998).  

Socioeconomic drought is the most difficult to define objectively because of the interaction 

between meteorological, agricultural, and hydrological droughts and the social and economic 

factors influencing water usage within a specific region (Lake, 2008). It occurs when 

insufficient water affects peopleôs health, well-being, and standard of living or when a lack 

of water negatively affects the supply of goods and services to the community (Muse, 2022). 

According to scientists, the temporal and spatial processes of supply and demand are two key 

components that should be incorporated into an objective definition of drought. In other 

words, the supply of economic goods (such as water, hay, and electricity in a specific area) 

is heavily influenced by weather conditions. Generally, the demand for these goods rises due 

to population growth and increased per capita consumption. As a result, drought can be 

considered a situation in which the demand for an economic good surpasses the available 

supply because of a weather-related shortfall in water supply (Mulinde et al., 2016). Given 

the complexity and multi-dimensional nature of socioeconomic drought compared with other 

types, this study does not centrally focus on this type. 

2.5 Drought Characteristics 

According to Zargar et al. (2011), drought exhibits three fundamental characteristics: 

severity, duration, and spatial distribution. However, Mishra and Singh (2010) suggested that 
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drought characterization should be based on duration, severity, intensity, frequency, and 

spatial distribution. This study follows Mishra and Singhôs definition, analyzing drought 

using these five characteristics.ШA graphical representation of drought characteristics is shown 

in Figure 2.2. 

 

Figure 2.2: Definition of drought characteristics (Source: Crinklaw, 2018, modified by 

Ahmed, 2024). 
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Table 1.2: Main variables for characterizing drought events  

 

Variable Description Relevance 

Frequency Number of drought events per 

defined time interval 

More-frequent droughts 

can cause long-term 

impacts on ecosystems 

Severity (magnitude) Related to the water deficit, 

computed as the sum of the 

differences, in absolute 

values, between the drought 

indicator (DI) values and the 

threshold used to define the 

level of dryness: 

Si=Ɇ |DIi| < threshold 

Water deficit about that 

needed for specific uses 

(e.g., irrigation, domestic 

water consumption, or 

energy production) 

Intensity Severity divided by the 

duration of the event 

Characterizes the overall 

potential for impacts 

Duration Number of days, months, or 

time steps of the event 

Longer droughts 

propagate further through 

the hydrological cycle 

with a higher potential for 

cascading and secondary 

effects 

Onset First day, month, or time step 

for which the indicator is 

below a given indicator and 

time-dependent threshold 

Relevant if a drought 

starts in sensitive periods 

with greater water demand 

like seeding, flowering, 

and ripening periods; 

relevant for drought 

management and 

declaration of drought 

emergencies 

Cessation Meteorological indices have 

returned to normal (i.e., 

within normal variability), 

restoring soil moisture, 

pasture growth, forest growth 

re-establishes, and reservoirs 

and lakes refill. 

Relevant for management 

End Agricultural and natural 

ecosystem productivity 

returns to average pre-

drought conditions; lake and 

reservoir levels return to 

average pre-drought 

conditions; socioeconomic 

conditions return or stabilize 

to normal conditions 

Relevant for management 
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Peak month Day or month with the lowest 

value of the drought indicator 

Period with the potentially 

most substantial Impact 

2.6 Indicators and Indices 

Drought indicators and indices are indispensable instruments for delineating and quantifying 

drought situations. Indicators encompass quantifiable factors like precipitation, temperature, 

streamflow, groundwater levels, reservoir levels, soil moisture, and snowpack, which aid in 

portraying the physical condition of a drought. Conversely, indices are numerical 

computations extrapolated from climatic or hydrometeorological data, incorporating these 

indicators to evaluate the severity of droughts across specified time frames and 

regionsы~ĲƣĲŸƖŸũŸŊŔĦċũШ§ƖŊċŰŔǍċƣŔŸŰШѼШìċƣĲƖШÂċƖƣŰĲƖƚőŔƓЯШΞΜΝΣь. 

Indices streamline intricate climatic associations and function as effective communication 

channels to diverse stakeholders, including the public, through furnishing quantitative 

evaluations of drought severity, location, timing, and duration. The severity of a drought is 

measured by deviations from standard index values, whereby explicit thresholds denote the 

commencement, conclusion, and spatial scope of drought circumstances. Location pertains 

to the impacted areas, while timing and duration are dictated by the initiation and cessation 

of the droughtы~ĲƣĲŸƖŸũŸŊŔĦċũШ§ƖŊċŰŔǍċƣŔŸŰШѼШìċƣĲƖШÂċƖƣŰĲƖƚőŔƓЯШΞΜΝΣь. 

Drought monitoring is a complex process that involves measuring and calculating all 

variables used to characterize it, such as intensity, duration, severity, and spatial extent 

(Kimani, 2019; Mishra & Singh, 2010). Achieved using drought indices, calculated by 

combining various drought indicators, such as rainfall, temperature, and streamflow, into a 

single numerical value (Ganesh, 2007; Kimani, 2019; WMO & GWP, 2016). Employing 

these indices provides a clear and comprehensive understanding of drought, which is more 

effective than raw data for managing drought and making informed decisions (Hayes, 2006). 

Numerous drought indices, surpassing 150 in number, have been created to identify, monitor, 

and assess drought severity (Alarazah et al., 2017; Kimani,Ш2019; McCandless, 2014; 

Nalbantis & Tsakiris, 2009; Niemeyer, 2008). Selecting the right index depends on its 

suitability for a particular application, ease of comprehension and interpretation, and access 

to required data and resources. No index is inherently superior to others, and each has specific 

advantages suited to applications (Hayes, 2006; Kimani, 2019; Winkler, 2017). 

Drought indices are typically classified based on the type of Impact they relate to, the 

variables they are associated with, and the use of disciplinary data. This results in three main 
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categories: meteorological, agricultural, and hydrological drought indices (Winkler, 2017; 

Zargar et al., 2011). Moreover, as introduced by Niemeyer in 2008, an expansion of 

categories encompasses comprehensive, combined, and remote sensing-based drought 

indices, broadening the classification spectrum. 

Indicators and indices are pivotal in formulating and executing risk evaluation tools, Drought 

Early Warning Systems, and decision-making frameworks. These tools hinge on a 

comprehensive grasp of the regional climate and drought climatology and might encompass 

an array of data origins, including modeled, assimilated, or remotely sensed drought 

indicators ы~ĲƣĲŸƖŸũŸŊŔĦċũШ§ƖŊċŰŔǍċƣŔŸŰШѼШìċƣĲƖШÂċƖƣŰĲƖƚőŔƓЯШΞΜΝΣь. 

2.6.1 Meteorological Drought Indices 

Meteorological drought indices are connected to climatic factors, such as rainfall, 

temperature, and evapotranspiration (Winkler, 2017). Examples of this type of drought 

indices are the Rainfall Anomaly Index (RAI; Van Rooy, 1965), deciles (Gibbs & Maher, 

1967), KeetchïByram Drought Index (KBDI; Keetch & Byram, 1968), Effective Drought 

Index (EDI; Byun et al., 1996), and Standardized Precipitation Evapotranspiration Index 

(SPEI; Vicente-Serrano et al., 2010). 

The most popular meteorological index is the Standardized Precipitation Index (SPI), 

developed by McKee et al. (1993). Based solely on precipitation, this index transforms and 

normalizes long-term precipitation time series into a standard normal distribution with a 

mean of zero and a standard deviation of one (Winkler, 2017). The key advantage of the SPI 

is its ability to monitor conditions over a range of timescales, making it applicable for both 

short-term agricultural and long-term hydrological purposes (Hayes, 2006; Mishra & Singh, 

2010). McKee's index can be calculated for any period, but it is generally used for intervals 

of 3, 6, 12, 24, and 48 months (Zargar et al., 2011). SPI-1 helps detect short-term crop stress, 

particularly during the growing season, whereas SPI-3 estimates seasonal precipitation. SPI-

6 and SPI-12 offer medium- and long-term precipitation trends, respectively (Mugisha, 2021; 

Zargar et al., 2010). The World Meteorological Organization (2012) has recommended SPI, 

the most widely used drought index worldwide. It has been used in numerous scientific 

publications for drought monitoring and trend analysis (Spinoni et al., 2014) 
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Table 2.2: Metrological Drought Indicators and Indices  

Metrology Input Parameter  Additional information 

Aridity Anomaly Index (AAI) P, T, PET, ET Operationally available for India 

Deciles P Easy to calculate; examples from 

Australia are useful 

KeetchïByram Drought Index 

(KBDI) 

P, T Calculations are based on the 

climate of the area of interest 

Percent of Normal Precipitation P Simple calculations 

Standardized Precipitation Index 

(SPI) 

P Highlighted by the World 

Meteorological Organization as 

a starting point for 

meteorological drought 

monitoring 

Weighted Anomaly 

Standardized Precipitation 

(WASP) 

P, T It uses gridded data for monitoring 

drought in tropical regions 

Aridity Index (AI) P, T It can also be used in climate 

classifications 

China Z Index (CZI) P Intended to improve upon SPI data 

Crop Moisture Index (CMI) P, T Weekly values are required 

Drought Area Index (DAI) P Indicates monsoon season 

performance 

Drought Reconnaissance Index 

(DRI) 

P, T Monthly temperature and 

precipitation are required 

Effective Drought Index (EDI) P Program available through direct 

contact with the originator 

Hydro-thermal Coefficient of 

Selyaninov (HTC) 

P, T Easy calculations and several 

examples in the Russian Federation 

NOAA Drought Index (NDI) P Best used in agricultural 

applications 

Palmer Drought Severity Index 

(PDSI) 

P, T, AWC Not green due to the complexity of 

calculations and the need for serially 

complete data 

Palmer Z Index P, T, AWC One of the many outputs of PDSI 

calculations 

Rainfall Anomaly Index (RAI) P Serially complete data required 

Self-Calibrated Palmer Drought 

Severity Index (sc-PDSI) 

P, T, AWC Not green due to the complexity 

of calculations and serially 

complete data required 

Standardized Anomaly Index 

(SAI) 

P Point data used to describe regional 

conditions 

Standardized Precipitation 

Evapotranspiration Index (SPEI) 

P, T 
Serially complete data required, 
output like SPI but with a 
temperature component 
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Agricultural Reference Index 

for Drought (ARID) 

P, T, Mod Produced in the south-eastern 

United States of America and not 

tested widely outside the region 

Crop-specific Drought Index 

(CSDI) 

P, T, Td, W, Rad, 

AWC, 

Mod, CD 

Quality data of many variables is 

needed, making it challenging to 

use 

Reclamation Drought Index 

(RDI) 

P, T, S, RD, SF Like the Surface Water Supply 

Index, but contains a temperature 

component 

ы~ĲƣĲŸƖŸũŸŊŔĦċũШ§ƖŊċŰŔǍċƣŔŸŰШѼШìċƣĲƖШÂċƖƣŰĲƖƚőŔƓЯΞΜΝΣь 

2.6.2 Soil Moisture Drought Indices 

Approaches to assessing agricultural drought involve monitoring the soil water balance and 

the resulting deficit during drought. Soil water balance values can be obtained from observed 

data, such as in-situ and remote sensing-based data, or simulated using soil moisture models 

(Winkler, 2017; Zargar et al., 2011). Several well-established indices are widely used to 

estimate agricultural water stress. These include the Relative Soil Moisture (RSM; 

Thornthwaite & Mather, 1955), Crop Moisture Index (CMI; Palmer, 1968), and the Crop 

Specific Drought Index (CSDI; Meyer & Hubbard, 1995). 

Table 3.2: Agricultural Drought Indicators and Indices  

ы~ĲƣĲŸƖŸũŸŊŔĦċũШ§ƖŊċŰŔǍċƣŔŸŰШѼШìċƣĲƖШÂċƖƣŰĲƖƚőŔƓЯΞΜΝΣь 

2.6.3 Hydrological Drought Indices 

Hydrological drought indices aim to characterize the delayed hydrological impacts of drought 

comprehensively. These indices are based on water levels in streams, lakes, reservoirs, and 

aquifers (Keyantash & Dracup, 2002; Zargar et al., 2011). Notably, the Streamflow Drought 

Index (SDI; Nalbantis et al., 2009), the Standardized Reservoir Supply Index (SRSI; Gusyev, 

2015), and the Standardized Waterlevel Index (SWI; Bhuiyan, 2004) are prominent indices 

Soil moisture 
Input 

parameters 
Additional information 

Soil Moisture Anomaly (SMA) P, T, AWC Intended to improve upon the water 

balance of PDSI 

Evapotranspiration Deficit 

Index (ETDI) 

Mod Complex calculations with multiple 

inputs are required 

Soil Moisture Deficit Index 

(SMDI) 

Mod Weekly calculations at different soil 

depths; complicated to calculate 

Soil Water Storage (SWS) AWC, RD, ST, 

SWD 

Due to variations in soil and crop 

types, interpolation over large areas is 

challenging. 
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using streamflow, reservoir, and groundwater well levels, respectively, as their input data 

sources. In this study, the focus was placed on the Streamflow Drought Index (SDI) due to 

its demonstrated simplicity and efficacy. 

Table 4.2: Hydrological Drought Indicators and Indices  

Hydrology Input 
parameters 

Additional information 

Palmer Hydrological Drought 

Severity Index (PHDI) 

P, T, AWC Serially complete data required 

Standardized Reservoir Supply 

Index (SRSI) 

RD Similar calculations to SPI using 

reservoir data 

Standardized Streamflow Index 

(SSFI) 

SF Uses the SPI program along with 

streamflow data 

Standardized Water-level Index 

(SWI) 

GW Similar calculations to SPI, but using 

groundwater or well-level data 

instead of precipitation 

Streamflow Drought Index 

(SDI) 

SF Similar calculations to SPI, but 

using streamflow data instead of 

precipitation 

Surface Water Supply Index 

(SWSI) 

P, RD, SF, S Many methodologies and derivative 

products are available, but comparisons 

between basins are subject to the 

method chosen. 

Aggregate Dryness Index 

(ADI) 

P, ET, SF, RD, 

AWC, S 

There is no code, but mathematics 

explained in the literature 

Standardized Snowmelt and 

Rain Index (SMRI) 

P, T, SF, Mod Can be used with or without snowpack 

information 
ы~ĲƣĲŸƖŸũŸŊŔĦċũШ§ƖŊċŰŔǍċƣŔŸŰШѼШìċƣĲƖШÂċƖƣŰĲƖƚőŔƓЯΞΜΝΣь 

2.6.4 Remote Sensing-based Drought Indices 

The development of Earth observation satellites equipped with sensors and algorithms in the 

1980s revolutionized drought monitoring and detection techniques. Remote sensing methods 

offer the advantage of providing consistent data at high repetition rates, deriving accurate 

spatial information at both global and regional scales. From a climatological perspective, 

remote sensing data monitors drought-related variables such as precipitation, soil moisture, 

and evapotranspiration. Additionally, it has been used to assess and quantify the Impact of 

drought on ecosystems (AghaKouchak et al., 2015; Niemeyer, 2008; Zargar et al., 2011). 

Various types of satellite data, including multispectral, microwave, and thermal infrared data, 

have been used to retrieve drought-related variables. The photosynthetic capacity of plants, 

which can be affected by drought, has also been assessed to evaluate the impacts of drought 
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on ecosystems. This is because drought can reduce the photosynthetic capacity and variations 

in the absorption of solar radiation at photosynthetically active wavelengths by plants. As a 

result, several remote sensing-based drought indices have been developed to describe the 

state of the land surface, notably vegetation health (AghaKouchak et al., 2015; Niemeyer, 

2008; Zargar et al., 2011). 

Among the array of remote sensing-based vegetation indices, the Normalized Difference 

Vegetation Index (NDVI; Tucker, 1979) and its derivatives, including the Vegetation 

Condition Index (VCI; Kogan, 1990), Temperature Condition Index (TCI; Kogan, 1995), and 

Vegetation Health Index (VHI; Kogan, 1995), are prominent. NDVI is a widely embraced 

metric calculated by assessing the difference between reflected visible red and near-infrared 

radiation divided by their sum. This index is extensively helpful in evaluating drought 

conditions and monitoring global vegetation health (AghaKouchak et al., 2015; Karnieli et 

al., 2010; Zhang et al., 2013). 

Table 5.2: Remote Sensing Indicators and Indices  

Remote sensing Input Additional information 

Enhanced Vegetation Index 

(EVI) 

Sat It does not separate drought stress 

from other stress 

Evaporative Stress Index (ESI) Sat, PET It does not have a long history as an 

operational product 

Normalized Difference 

Vegetation Index (NDVI)  

Sat Calculated for most locations 

Temperature Condition Index 

(TCI) 

Sat Usually found along with NDVI 

calculations 

Vegetation Condition Index 

(VCI) 

Sat Usually found along with NDVI 

calculations 

Vegetation Drought Response 

Index (VegDRI) 

Sat, P, T, AWC, 

LC, ER 

Considers many variables to separate 
drought stress from other vegetation 

stress 

Vegetation Health Index (VHI) Sat One of the first attempts to monitor 

drought using remotely sensed data 

Water Requirement Satisfaction 

Index (WRSI and Geo-spatial 

WRSI) 

Sat, Mod, CC Operational for many locations 

Normalized Difference Water 

Index (NDWI) and Land 

Surface Water Index (LSWI) 

Sat Produced operationally using 

Moderate Resolution Imaging 

Spectroradiometer data 

Soil Adjusted Vegetation Index 

(SAVI) 

Sat Not produced operationally 

ы~ĲƣĲŸƖŸũŸŊŔĦċũШ§ƖŊċŰŔǍċƣŔŸŰШѼШìċƣĲƖШÂċƖƣŰĲƖƚőŔƓЯΞΜΝΣь 
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2.7 Global Trends in Drought  

2.7.1 Historical Trends and Patterns of Drought Globally 

Droughts pose significant challenges globally, affecting regions as diverse as the United 

States, Australia, Pakistan, China, Hungary, Syria, and the Mediterranean. The escalation of 

drought severity, frequency, and duration due to climate change underscores the urgent need 

for improved understanding and predictive modeling to mitigate impacts effectively 

(Mohammed et al., 2022).  

Nonetheless, not all regions anticipate an escalation in drought occurrences. Areas at higher 

latitudes may observe a reduction in drought frequency owing to increased precipitation. 

However, the uneven spread of rainfall could still trigger localized soil moisture deficits and 

hydrological droughts. Even in regions with higher precipitation levels, the likelihood of 

severe droughts may rise due to more intense yet less frequent rainfall episodes, leading to 

inadequate soil penetration(Erian et al., 2021). 

The research anticipates a more pronounced surge in global drought risks as the current 

century advances, particularly in scenarios featuring substantial radiative forcing. With 

further planetary warming anticipated, temperatures will be crucial in forthcoming drought 

forecasts. Advanced simulations indicate a projected increase in both the frequency and 

severity of droughts when compared to the baseline period from 1981 to 2010, showing 

significant rises in various regions worldwide, including Mexico, the United States, southern 

Australia, and substantial parts of Africa, Asia, and South America(Erian et al., 2021). 

Predictions of meteorological drought risks based on Global Warming Levels (GWLs) 

demonstrate that as the GWL increases from 1.5ÁC to 4ÁC above pre-industrial levels, the 

drought dangers become more prominent, underscoring the crucial need for effective 

mitigation measures to prevent these severe outcomes(Erian et al., 2021). 
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Figure 3.2: Change in meteorological drought frequency (events/decade)  

from the recent past (1981ï2010) to 2100 for four projected warming levels of global surface 

air temperature (left) and several drought events with more muscular severity than ever 

recorded in the recent past (1981ï2010) (right) 

2.7.2 Environmental Sector 

Drought exerts diverse effects on the environment. The presence of water is crucial for the 

sustenance of flora and fauna, and in times of drought, their nourishment sources might 

dwindle, and their habitats could be subject to harm. While some harm might be transient, 

enduring impacts on the environment are plausible, potentially resulting in lasting 

deterioration or land and ecosystem desertification. An example of this can be seen in the 

loss of vegetation cover and biodiversity in areas affected by severe and prolonged droughts. 
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Additionally, drought can lead to the depletion of groundwater reserves and reduce water 

quality in rivers and lakes, affecting aquatic ecosystems and their inhabitants(Leng et al., 

2015).  

2.7.3 Agricultural Sector 

The agricultural and forestry sectors are vulnerable to the repercussions of drought. 

Agricultural losses and associated damages can detrimentally affect farming, resulting in 

augmented expenses for farmers, such as increased irrigation costs and the necessity for 

supplementary water reservoirs for livestock. Industries linked to agriculture, such as 

manufacturers of tractors and food products, may also encounter financial setbacks. Forestry 

is impacted by diminished fiber production and increased susceptibility to pests like bark 

beetles. Furthermore, drought can have significant economic impacts on the agricultural 

sector (Havens, 1954). 

2.7.4 Public Water Supply Sector         

Public water supply systems also bear the brunt of drought conditions. A reduction in water 

accessibility combined with escalating demand for various purposes can further strain water 

resources. Heat waves can exacerbate the situation due to heightened demands. Diminished 

water volumes can also compromise water quality by decreasing pollutant dilution. It can 

lead to challenges in maintaining a reliable and safe water supply for households, businesses, 

and public facilities. The public water supply sector must develop effective strategies to 

manage water resources and ensure the uninterrupted supply of clean and safe water to meet 

the demands of the population during drought conditions (Shen & Liu, 2018). Other sectors 

that are impacted by drought include energy production, tourism, and the transportation 

industry (Havens, 1954). 

2.7.5 Power Generation Sector 

Regarding power generation, the production of hydroelectricity is influenced by water levels 

in rivers and reservoirs. Droughts can decrease hydroelectric power output, necessitating 

alternative electricity sources like gas turbines to meet peak requirements. The extent of 

losses is contingent on the hydroelectric infrastructure and the severity of the drought. 

Furthermore, thermal and nuclear power facilities may need to scale back or cease operations 

due to the limited availability of cooling water during drought. As a result, there can be 

disruptions in power supply and increased reliance on expensive and less sustainable energy 

sources (Vliet et al., 2016). 
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2.7.6 Structures and Infrastructure Sector 

Variations in moisture levels can impact structures and infrastructure. Substantial soil 

contraction during drought spells can inflict significant damage on buildings. For instance, 

in France, soil subsidence from drought has led to considerable harm akin to that caused by 

floods. Overexploitation of aquifers can exacerbate drought impacts (Olaf et al., 2013). 

2.7.7 Tourism Sector 

The tourism and recreation industries can undergo setbacks during droughts, mainly as 

numerous activities rely on water. Both summer and winter tourism pursuits may suffer. 

Additionally, commercial shipping operations may encounter difficulties during periods of 

low water flow, affecting enterprises reliant on water transport to distribute goods. It can 

increase prices for essential commodities like food and fuel (Olaf et al., 2013). 

2.7.8 Industrial Sector 

Industries spanning diverse sectors, encompassing agriculture, energy generation, and water-

intensive sectors, suffer adverse effects from water scarcity induced by droughts. Production, 

sales, and overall business activities may face interruptions. 

Reduced water availability can disrupt industrial processes, decreasing productivity and 

increasing costs. It can reduce competitiveness and potential job losses (Havens, 1954). 

2.7.9 Social Sector 

To tackle the social implications of drought, relief packages should address the welfare 

modifications encountered by individuals, striving to alleviate the socioeconomic 

repercussions. The social impacts of drought can surface health and safety challenges, 

perpetuate cycles of poverty, trigger conflicts over water use restrictions, and necessitate 

lifestyle alterations (Leng et al., 2015). 

2.7.10 Groundwater Sector  

Groundwater is vital in meeting the global demand for freshwater, significantly contributing 

to agricultural irrigation and residential use. It is approximated to cater to around 38% to 50% 

of the irrigation requirements worldwide and supply water for up to half the global populace. 

It is underscored as a fundamental resource during drought, serving as a protective barrier in 

scenarios where surface water sources are scarce (Rosegrant et al., 2009). 

However, excessive groundwater depletion has resulted in noteworthy decreases in water 

levels, especially in regions characterized by arid to semiarid climates already facing water 
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scarcity challenges. Prominent regions impacted by this phenomenon encompass territories 

in Australia, the Central Valley of California, northeastern China, India, the Middle East, and 

the Tibetan Plateau. The unsustainable utilization of groundwater in these regions presents a 

notable risk to water and food security, potentially resulting in severe environmental and 

societal repercussions (Dalin et al., 2017). 

  

Figure 4.2: Represents potential interconnections among different drought-affected sectors 

(Erian et al., 2021). 

Note: A fragment on the outer part of the circular layout represents each sector. Arcs are 

drawn between each sector, the size of the arc being proportional to the importance of the 

trade-off. 

2.8 Droughts in Africa 

Drought and desertification represent fundamental obstacles of significant magnitude and 

severity that confront sustainable development across Africa. The implications of these 

challenges extend widely, exerting adverse effects on public health, food stability, financial 

operations, built environment, ecological assets, and domestic and international safety 

(UN,2007). 

The primary cause of most drought occurrences can be attributed to shifts in atmospheric 

conditions leading to the accumulation of excessive heat at the earth's surface, weather 

patterns causing a decrease in precipitation, and diminished cloud coverage, all contributing 
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to heightened evaporation rates. The negative impacts of drought are further intensified by 

human actions such as deforestation, excessive grazing, and suboptimal agricultural 

practices, which diminish the soil's capacity to retain water and inadequate soil conservation 

methods, resulting in soil deterioration (UN,2007). 

The continent has observed a significant frequency and severity of drought occurrences, as 

illustrated in Figure (5.2) below. Drought stands as a pivotal climate-related catastrophe in 

Africa. The Potential Impact of climate change is poised to worsen the occurrence of climate-

related calamities such as drought. Research conducted by Bristol University indicates that 

regions in western Africa face the highest vulnerability to diminishing freshwater resources 

and droughts due to escalating temperatures. Projections based on current climate scenarios 

suggest that the most arid regions of the globe are expected to experience further desiccation, 

posing a persistent risk of drought in numerous areas of Africa (including arid, semiarid, and 

dry sub-humid regions), consequently leading to amplified and enduring adverse 

consequences(UN, 2007). 

 

Figure 5.2: Drought events per country from 1970 to 2004 in Sub-Saharan Africa 

(UN,2007) 
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2.8.1 Impact of Drought in Africa  

The ramifications of drought and desertification rank among the most economically 

burdensome occurrences and phenomena in Africa. The prevalence of poverty, the significant 

reliance of Africa's economies on sectors susceptible to climate fluctuations, particularly rain-

fed agriculture, inadequate infrastructure, substantial disease prevalence, extensive reliance 

on and unviable utilization of natural resources, and various conflicts collectively heighten 

the continent's susceptibility to the effects of drought and desertification (Orimoloye et al., 

2022). 

In the region, it is noteworthy that women and children expressly assume the most significant 

responsibility when faced with the degradation of land resources and the onset of drought. 

Consequently, Africa has persistently experienced food insecurity, characterized by severe 

famines, limited access to water, deteriorating health conditions, economic challenges, and 

various social ramifications due to frequent droughts and desertification (Orimoloye et al., 

2022). 

2.8.2 Impact on Food Security of Africa 

The most severe outcome of drought is famine, with food assistance to the subcontinent 

comprising around 50% of the annual budget of the World Food Aid Program. The droughts 

witnessed in southern Africa from 2001 onwards have resulted in significant food scarcity. 

The drought in 2002ï03 led to a shortfall of 3.3 million tons of food, requiring aid for an 

estimated 14.4 million individuals. At the peak of the drought in the Horn of Africa in 2000, 

3.2 million Kenyans relied on food aid, and malnutrition affected 40% of the population, 

exceeding the typical levels by more than threefold. In 2005, Concern collaborated with the 

Diocese of Malindi, Kenya, to offer seeds and technical assistance to 2,129 farm households 

severely impacted by drought. In the same year, numerous African nations encountered food 

shortages due to the compounding impacts of severe droughts (Nhambura, 2006; Radford 

and Vidal, 2005) and desertification, which may become semi-permanent due to climate 

change. Countries such as Ethiopia, Zimbabwe, Malawi, Eritrea, and Zambia were among 

the worst hit, with an estimated 15 million people facing hunger without aid (FAO, 2005). 

The situation in Niger, Djibouti, and Sudan deteriorated rapidly as well. Many of these 

nations experienced their poorest harvests in over a decade, during a third or fourth 

consecutive severe drought(Orimoloye et al., 2022). 
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2.9 Integrated Drought Monitoring and Assessment Approaches 

Monitoring and assessing droughts are important in the area's early warning systems, 

mitigating the adverse effects on social, economic, and environmental systems (Guerreiro, 

2015). Recent research has emphasized the benefits of integrating meteorological, 

hydrological, and remote sensing data to provide a holistic drought assessment. Studies have 

demonstrated that combining indices enhances the accuracy of drought detection, allowing 

for a more nuanced interpretation of the severity and effects of drought. Furthermore, 

assessing drought requires a comprehensive understanding of the interrelations between 

different droughts. Integrated approaches have emerged as essential methodologies for 

assessing and comprehensively addressing drought impact. This section explores the intricate 

relationships between different types of droughts and how integrated assessment approaches 

facilitate a holistic understanding of their interconnectedness. 

2.10 Relationship between Meteorological and Agricultural Drought 

A prolonged period of insufficient rainfall leads to drought and triggers a cascade of impacts 

on a nation's agricultural, ecological, and socioeconomic systems (Shoumik et al., 2023; 

Sultana et al., 2021). The intricate relationship between meteorological and agricultural 

droughts is the core of these consequences. 

Meteorological drought is caused by a reduction in annual or seasonal precipitation, a deficit 

in soil moisture, and an increased temperature over an extended period. These conditions 

directly affect water availability in the root zone and impair crop growth, resulting in 

agricultural droughts (Gidey et al., 2018; Shoumik et al., 2023; Zhang et al., 2017). The 

ramifications of meteorological droughts in the agricultural sector are apparent, particularly 

in areas such as Somalia, Ethiopia, South Sudan, Tanzania, Kenya, South Africa, Algeria, and 

Zimbabwe, where both meteorological and agricultural droughts are notably pronounced 

(Gidey et al., 2018). The consequences also extend to the destruction of vegetation cover, 

which is regarded as one of the primary factors contributing to land degradation and 

desertification in arid and semiarid regions (Ebrahimi-Khusfi & Zarei, 2020; Zhao et al., 

2018). 

Several studies have accentuated the interplay between meteorological and agricultural 

droughts, shedding light on their correlation and resulting impacts. For instance, Sultana et 

al. (2021) found that agricultural drought in four districts of Bangladesh is mainly caused by 
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a decline in vegetation, as measured by the Normalized Difference Vegetation Index (NDVI) 

and an increase in Land Surface Temperature (LST). Mlenga et al. (2019) discovered a 

positive correlation greater than 0.54 between the Standard Precipitation Index (SPI) and 

NDVI at the 3-month time scale, which could serve as a drought trigger threshold for early 

warning purposes in Eswatini. In addition, Zhao et al. (2018) demonstrated considerable 

positive correlations between SPI and NDVI at a one-year lag temporal scale in the Damqu 

River Basin of China. Furthermore, Ebrahimi-Khusfi and Zarei (2020) demonstrated that 

precipitation positively correlates with NDVI in the spring and growing seasons. In contrast, 

air temperature has a negative relationship with NDVI changes in these seasons in the arid 

regions of Iran, accentuating their Impact on agricultural productivity. 

Integrated assessment methodologies are vital for comprehensively addressing the 

implications of meteorological and agricultural droughts. These methodologies use various 

indices, remote sensing techniques, and statistical models to gauge drought severity, assess 

their Impact on agricultural systems, and aid in early warning systems and adaptive strategies 

(Choi et al., 2013). 

2.11 Relationship between Meteorological and Hydrological Drought 

As a multifaceted phenomenon, drought occurs over various time and spatial scales, affecting 

various societal sectors dependent on climate and water resources (Shukla & Wood, 2008). 

Two types of droughts, meteorological and hydrological, represent distinct yet interrelated 

aspects in the general context of water scarcity. 

Meteorological drought refers to a water shortage resulting from an imbalance between 

precipitation and evaporation over a particular period (Li et al., 2018). When precipitation 

frequency decreases over several months to one year, it triggers meteorological drought, 

subsequently initiating deficiencies in surface water and groundwater, thereby contributing 

to the onset of hydrological drought (Rose & Chithra, 2022). This transition, known as 

drought propagation, underscores the connection between meteorological and hydrological 

droughts (Li et al., 2021). However, understanding the factors contributing to hydrological 

drought is crucial for effectively addressing drought-induced disasters (Rose & Chithra, 

2022). 

Assessing the relationship between meteorological and hydrological drought occurrence is 

essential for early warning, prevention, and mitigation (Wu et al., 2016). Correlation analysis 
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is the primary technique researchers use to evaluate this reciprocal relationship. Several 

studies using correlation analysis have provided insightful observations of this relationship. 

2.12 Drought Analysis in Algeria 

Algeria is a southern Mediterranean country characterized by arid and semiarid conditions. 

The country has experienced severe and persistent droughts since the 20th century, marked 

by a significant deficit in precipitation that has impacted the entire nation (Boultif & 

Benmessaoud, 2017; Dahmani & Meddi, 2011; Fellag et al., 2021; Meddi et al., 2013). 

Substantial drought conditions were initially documented in 1944, followed by consecutive 

occurrences in 1981, 1989, 1990, 1992, 1994, 1996, and 1999, respectively. These recurrent 

droughts have had a pronounced impact on the northwestern region of the country, leading 

to a substantial reduction in crop yields and water resources, especially in the plains of Chleff, 

Ghriss, Mitidja, and Sidi Bel Abbes (Achite et al., 2021; Djellouli et al., 2014; Meddi et al., 

2013). 

Climate data collected in northern Algeria since the 1970s has revealed noteworthy shifts in 

meteorological patterns. These changes encompass elevations in the average minimum and 

maximum temperatures coupled with fluctuating precipitation levels observed across 

temporal and spatial scales. Such trends signify a discernible transition towards drier 

conditions that have permeated various parts of the region (Achite et al., 2021; Meddi et al., 

2013). Numerous scientists have concluded that the unique geographical location of the 

Mediterranean Basin, situated between contrasting bodies of water, the Atlantic Ocean and 

the Mediterranean Sea, contributes to these meteorological changes through the North 

Atlantic Oscillation (NAO) (Hoerling et al., 2012; Merabti et al., 2018; Sousa et al., 2011). 

These meteorological shifts have far-reaching consequences, particularly in the northwestern 

reaches of Algeria. The region witnessed a considerable deficit in precipitation 

(approximately 30 %) in the 1970s compared to 1950ï2000, adversely affecting dam levels 

and groundwater recharge. Consequently, drinking water, industrial, and agricultural 

activities may have been affected. Agriculture, a vital sector, faced drastic challenges, with 

rainfed crops plummeting by up to 50% between 2000 and 2020. In addition, barley 

production has registered a notable decline of 3% from 1970 to 2021. Environmental 

implications are also evident, manifesting as forest degradation, soil salinization, and 

encroachment of desertification (Mami et al., 2021; Meddi et al., 2013; Touitou & Al Amin, 

2018). 
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The Tafna Basin, a significant hydrological and ecological zone in northwestern Algeria, has 

faced challenges due to reduced crop yield and water shortages. Various studies in the Tafna 

Basin and its sub-basins, such as the Wadi Boukiou, Wadi Lakhdar, and Wadi Boumessaoud 

basins, have examined meteorological and hydrological droughts. Berkane et al. (2020) 

utilized the Standard Precipitation Index (SPI) and highlighted drought occurrences in the 

Tafna Basin since 1980. Similarly, Rebahi et al. (2022) characterized droughts in the same 

basin using SPI, Streamflow Drought Index (SDI), and Normalized Difference Vegetation 

Index (NDVI), revealing fluctuations in drought severity from 1975 to 2012. Other 

researchers, such as Djellouli et al. (2019), Gherissi et al. (2021), and Bouguerra and 

Benslimane (2017), concentrated on different sub-basins within the Tafna Basin. They 

evaluated the hydrological impacts of drought using various indices, such as the Effective 

Drought Index (EDI), SPI, and SDI, identifying substantial droughts in different periods. 

2.13 Conclusion 

This review emphasizes the critical significance of integrated methodologies in 

understanding the intricate nature of drought impacts. It highlights the reciprocal relationship 

between meteorological, agricultural, and hydrological droughts, underscoring the necessity 

for comprehensive approaches. Integrated frameworks incorporating multifaceted data 

sources and methodologies are imperative for formulating early warnings, preventive 

measures, and adaptive strategies for alleviating drought's detrimental consequences. This 

review strongly recommends adopting integrated approaches, fostering resilience and 

sustainability amidst recurring natural hazards, notably droughts. 
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Chapter 3  MATERIAL AND METHODS 

3.1 Introduction 

This chapter delineates the methodological framework and data acquisition procedures to 

evaluate agricultural and hydrological droughts within the Mitidja Plain. This chapter 

constitutes the foundational pillar of the research, meticulously illustrating the systematic 

methodology employed to scrutinize the trends, ramifications, and interconnections of 

drought phenomena concerning water resources and agricultural productivity in the 

designated region. 

The methodological framework is meticulously crafted to amalgamate heterogeneous 

datasets and analytical instruments, thereby facilitating a holistic assessment of drought 

patterns and their consequential implications. By capitalizing on historical datasets, using 

worldwide datasets calibrated by observed ones, estimating and analyzing leading drought 

indices, and using geospatial techniques to see the temporal and spatial distribution of the 

drought, the research aspires to yield substantive insights into the temporal and spatial 

dynamics inherent in drought occurrences.  

This chapter initiates a comprehensive delineation of the study area, underscoring its 

climatic, hydrological, and agricultural importance. It subsequently elaborates on the diverse 

data sources, encompassing meteorological, hydrological, and farming datasets, and 

articulates the indices and analytical methodologies employed to quantify and interpret 

drought phenomena.  In addition, the chapter scrutinizes the methods and instruments 

adopted for the processing, analysis, criticism, and validation of data, consequently affirming 

the correctness and dependability of the outcomes to be achieved. 

By implementing this methodological approach, the study aspires to furnish actionable 

insights for the sustainable management of water resources and the enhancement of resilience 

in agricultural practices within the Mitidja Plain. 

3.2 Study Area Description 

3.2.1 Geographical Characteristics 

The Mitidja Plain is located between the latitudinal coordinates of 36ÁN and 37ÁN and the 

longitudinal coordinates of 2ÁE and 4ÁE. It is positioned within the northernmost sector of 
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Algeria and extends over a substantial area of approximately 1450 square kilometers, 

including the Wilayas of Algiers, Boumerd¯s, Tipaza, and Blida. This extensive and 

ecologically varied plain is subdivided into two discrete sections: the eastern Mitidja and the 

western Mitidja, each exhibiting distinctive geographical and environmental attributes. The 

plain extends 80 km east-west and 10-20 km in width, making it Algeriaôs most extensive 

sublittoral Mediterranean plain (Khous Dalale et al., 2022). 

 

Figure 6.3: Mitidja Plain map (Eldaw Ahmed et al., 2024) 

Figure (7.3) illustrates the geographic and administrative layout of the Mitidja Plain in 

northern Algeria, emphasizing its division into East Mitidja and West Mitidja. The plain, 

shaded in green, lies along the Mediterranean Sea and spans several provinces (Wilayas), 

including Algiers (1) in the northeast, Boumerdes (2) in the east, Blida (3) in the west-central 

region, and Tipaza (4) in the west. The red line demarcates the boundary between East and 

West Mitidja, while the dashed lines represent administrative boundaries between 

municipalities and provinces.  
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Figure 7.3: Location of the Mitidja Plain (Bellout et al., 2020). 

3.2.2 Climatic Characteristics 

The Mitidja Plain is classified as possessing a Mediterranean climate by the KºppenïGeiger 

classification system (Kottek et al., 2006). Elevated temperatures and arid conditions 

distinguish this climatic classification during the summer and a precipitation-rich winter. The 

mean annual precipitation within this geographical area fluctuates between 500 and 700 mm, 

whereas the average Temperature ranges from 6 ÁC during winter to 33 ÁC in summer (Meddi 

et al., 2022). The region has experienced significant climatic variability, with a notable shift 

from wet (1906-1973) to dry periods (1974-2018), leading to a rainfall deficit of 15-19% 

(Makhlouf et al., 2023). The temperature records are accessible from the Dar El Beida 

meteorological station from 1936 to 2018. Within the confines of the study region, a 

discernible increase in average Temperature has been observed, exhibiting an overarching 

trend of 1 ÁC (Drouiche et al., 2019). Nevertheless, it has progressively risen since973 (Fig. 

8.3)(Makhlouf et al., 2023).  
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Figure 8.3: Annual average variation of the mean Temperature in Dar El Beida weather station 

(Period: 1936-2018) (Makhlouf et al., 2023). 

Figure (9.3) presents the annual rainfall variation averages documented at the selected 

meteorological stations. The spatio-temporal precipitation variability is effectively depicted, 

with the highest annual average precipitation recorded at the Hamiz dam station (776 mm) 

and the lowest average annual precipitation documented at the Baraki station, measuring 636 

mm. Furthermore, the scrutiny of the graph discloses the occurrence of two separate temporal 

segments: 1) a wet segment from 1906 to 1973 and 2) a dry segment from 1974 to 2018. The 

most significant rainfall regression was noted in 1989 at the Larabaa station (201 mm). The 

alignment of precipitation regression trends with the period characterized by increasing 

temperatures (1974-2018) suggests the potential to categorize this interval as a drought 

period in contrast to the 1906-1973 interval(Makhlouf et al., 2023) 

 

Figure 9.3: Annual average precipitation for the selected weather stations (06-2018)(Makhlouf et 

al., 2023). 
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Future climate projections indicate a decrease in rainfall and an increase in extreme weather 

events, impacting water availability and agricultural productivity (Meddi et al., 2022). 

3.2.3 Main Crops  

The Mitidja plain constitutes a remarkably fertile agricultural zone that sustains a 

heterogeneous assortment of high-yielding cultivars. The regionôs propitious climatic 

conditions and nutrient-abundant soil facilitate the growing of diverse cereals, vegetables, 

fruits, especially Citrus, and industrial crops at significant productivity levels. For example, 

the average wheat yield in the Mitidja plain is estimated at 3.5 tons per hectare, while 

vegetable crops, including tomatoes and peppers, can yield between 30 and 40 tons per 

hectare (SWATCH Project, 2024). The specific yield of Citrus in the Mitidja Plain reached 

26 tons per hectare (MERROUCHI et al., 2023), the highest value in Algeria. The citrus-

producing area covered about 6,000 hectares in 2018, representing 27 % of the national Citrus 

planted area. (MERROUCHI et al., 2023) 

3.2.4 Hydrology: 

The hydrological pattern of the study zone is Mediterranean prevalence, with the drought 

season from May to September and the wet season from December to February. The plain 

knows extreme rainfall events, especially during the fall and winter. Due to climate change, 

we observed a decrease in the total annual rainfall but an increase in extreme rainfall 

events(Hallouz et al., 2018).  

The basin is characterized by a drainage network of dense watercourses that facilitate surface 

water drainage. This hydrological system's primary rivers (wadis) include Mazafran, Nador, 

Hamiz, and El Harrach, which exhibit irregular flow patterns as they discharge into the 

Mediterranean Sea. Both precipitation and these rivers constitute the principal sources of 

natural replenishment for the alluvial aquifer(Bouderbala, 2019). 

3.2.5 Geology and Hydrogeology: 

The Mitidja plain is an alluvial plain, so the lithological strata comprise Pliocene deposits, 

including sandstone, marls, sand, and limestone, alongside Quaternary sedimentary 

formations characterized by gravel, sand, sandstone gravel interspersed with red clay, and 

alluvial deposits containing silty lenses. The aquifer system consists of two superimposed 
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layers: a confined Pliocene aquifer composed of sandstone and sandy limestone and a 

Quaternary alluvial aquifer comprising pebbles, gravel, sand silts, and clays. The Pliocene 

aquifer is located at a significant depth, ranging from 250 to 300 m. In contrast, the 

Quaternary aquifer exhibits a thickness variability between 100 and 150 m, with groundwater 

table levels fluctuating from 4 to 30 m. Replenishment of these aquifers primarily occurs 

through adequate rainfall, infiltration of surface water, excess irrigation runoff, and 

subterranean contributions from the Blidean Atlas(Bouderbala, 2019). 

3.2.6 Hydrological Regime: 

The region has undergone a notable decline in annual precipitation, evidenced by a reduction 

of approximately 20% from the year 1905 to 2011. The mean decrease in rainfall recorded 

per decade is estimated at around 13 mm. The hydrological budget indicates that infiltrating 

water and surface runoff proportions constitute 6% and 8.5% of total precipitation, 

respectively(Bouderbala, 2019). 

Figure (10.3) illustrates the study area in northern Algeria's Central Mitidja Plain. The map 

highlights the geographic and geological context of the region, including major hydrographic 

features such as Wadi Mazafran and Wadi Harrach, as well as the surrounding mountainous 

areas, including the Blidian Atlas Mountains and the Chenoua Massif. The study area is 

characterized by Quaternary alluvium and dune formations, with notable rainfall stations 

(e.g., Boufarik) essential for hydrological and drought assessment in the region. 

 

Figure 10.3: Geological map of the study area (Bouderbala, 2019) 
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3.2.7 Groundwater: 

Groundwater movement in the study area is predominantly oriented from south to north. 

However, two localized depressions, or cones of depression, have formed because of 

excessive groundwater extraction. Elevated hydraulic gradients characterize this area, 

indicating significant changes in groundwater flow dynamics caused by over-

pumping(Bouderbala, 2019). Elevated hydraulic gradients in the southern regions are 

associated with the substratum's steep inclination and the alluvial aquifer's limited thickness. 

A reversal in flow direction from the sea towards the landmass signifies the occurrence of 

seawater intrusion. There is a pronounced decline in groundwater levels observed from 1974 

to 2010, accompanied by heightened salinity levels in coastal regions because of seawater 

intrusion(Bouderbala, 2019). 

3.2.8 Relevance of the Study Area 

The Mitidja Plain is a vital agricultural hub, producing significant quantities of cereals, fruits, 

and vegetables. It also supports large-scale irrigation schemes, making it highly dependent 

on stable water availability. The regionôs susceptibility to drought threatens agricultural 

productivity, water resource sustainability, livelihoods, and food security. The plain is 

irrigated mainly using Groundwater, but not only important irrigation plans (Hamiz, West 

Mitidja) are irrigated from Dams. However, due to the severe drought and increased water 

supply needs for the population, the water from Dams is used only for strategic crops 

(LOUNIS A. et al., 2022). 

Given its economic importance and vulnerability to climate variability, the Mitidja Plain is 

an ideal case study for assessing drought trends and their impacts. Understanding these 

dynamics is essential for developing targeted water management strategies and ensuring 

agricultural resilience in the face of increasing drought risks. 

3.3 Research Design 

3.3.1 Type of Study 

This study adopts a quantitative and observational research design to analyze the trends and 

impacts of agricultural and hydrological droughts in the Mitidja Plain. The quantitative 

approach ensures objective assessment using numerical data, indices, and statistical methods, 
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while the observational aspect focuses on examining real-world patterns and interactions 

without manipulating variables. 

3.3.2 Meteorological Data: 

The principal meteorological data sources pertinent to this investigation are the nine 

measurement stations within or near the Mitidja Plain. These stations furnish vital 

longitudinal records of climatic variables indispensable for evaluating meteorological 

drought patterns. Moreover, the dataset encompasses significant missing information, and 

not all station data extends to 2011. 

Table 6.2: The nine selected measurement stations near the Mitidja Plain. 

 

Figure (11.3) Rain Gauges Distribution Map illustrates the presence of more than 20 stations 

systematically distributed across the four wilayas, thereby signifying a robust infrastructure 

for collecting rainfall data throughout an extensive geographical expanse. The emphasis of 

the Selected Rain Gauges Map is placed on nine stations strategically located in or adjacent 

to the Mitidja Plain, a region of considerable agricultural significance and climate sensitivity. 

Station Name  station number Latitude in decimal Longitude in decimal elevation m

MEURAD BARRAGE 20306 36.449 2.405 300

 PONT CW 7 HADJOUT 20325 36.530 2.428 59

TIPAZA 20335 36.583 2.472 182

HAMIZ BARRAGE 20602 36.605 3.352 130

OULED ALI 20627 36.644 3.291 67

PONT D9 20629 36.656 3.328 77

BARAKI 21421 36.688 3.090 20

MOUZAIA 21132 36.461 2.701 150

SOUMAA 21234 36.503 2.893 177
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Figure 11.3: Rain Gauges Distribution Map 

Figure (12.3) shows the selected rain gauges to monitor drought in the Mitidja Plain. It 

highlights a subset of stations chosen from a more extensive regional network, focusing on 

those within or near the plain. These rain gauges are critical for tracking rainfall patterns and 

assessing drought conditions in the area, providing valuable data for climate impact studies, 

water management, and agricultural planning in the Mitidja Plain. 
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Figure 12.3: Selected Rain gauge map 

3.3.3 Precipitation: 

The organized compilation of daily, monthly, and yearly rainfall measurements is essential 

for understanding diverse drought indicators, notably the Standardized Precipitation Index 

(SPI). Such datasets permit a meticulous evaluation of rainfall patterns across distinct 

temporal scales, yielding significant insights into the incidence and intensity of 

meteorological droughts. Data on daily precipitation encapsulates short-term fluctuations, 

whereas monthly and annual datasets facilitate the identification of long-term trends and 

seasonal variations in rainfall. The SPI, which juxtaposes observed precipitation against 

historical averages over a defined temporal interval, employs these datasets to quantify 

drought intensity, duration, and frequency, thereby enhancing the early identification and 

surveillance of drought conditions. 

3.3.4 Temperature: 

 Appraising daily temperature extremes and averages is fundamental for evaluating 

significant climate indicators like Evapotranspiration, crucial in understanding water 

requirements and soil moisture levels. This temperature data is integral to comprehending 

the rate of water loss from both soil and vegetation, particularly during arid intervals. The 
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interplay between temperature and precipitation patterns is pivotal in ascertaining the 

intensity of agricultural and hydrological droughts. Warm weather could heighten drought 

scenarios by boosting evapotranspiration rates, aggravating soil moisture decrease, and 

negatively impacting agricultural yield. Consequently, when synthesized with precipitation 

data, temperature data furnish a holistic understanding of drought dynamics. 

3.3.5 Evapotranspiration: 

Evapotranspiration (ET) improves the precision of drought severity assessments by affecting 

water resource availability and ecosystem vitality. Incorporating actual and potential 

evapotranspiration metrics into drought indices facilitates more refined monitoring systems 

and proactive warning mechanisms. This significance is particularly illustrated by creating 

the daily evapotranspiration deficit index (DEDI), which effectively delineates drought 

attributes with enhanced temporal granularity (Zhang et al., 2023). 

Drought Risk Assessment SPEI vs. SPI: The Standardized Precipitation Evapotranspiration 

Index (SPEI) integrates ET, thereby indicating an elevated drought risk relative to the 

Standardized Precipitation Index (SPI), which is limited to precipitation considerations (Yoo 

et al., 2016). Regional Differences: The efficacy of ET in drought evaluations is contingent 

upon regional characteristics, particularly contrasting water-limited and energy-limited 

environments (Rehana & Monish, 2021). 

3.4 Research Framework  

The study synthesizes historical empirical data, internet-derived datasets, and predictive 

analytical techniques to evaluate and project drought phenomena in the Mitidja Plain. It 

amalgamates a longitudinal examination of drought occurrences over the preceding three 

decades, which impacted crop yields and water volumes, with prospective forecasts 

extending over the next three decades, emphasizing the repercussions on agricultural and 

hydrological systems. 

3.4.1 Data Gathering and Resources  

This investigation employs historical data from the nine measurement stations over four 

decades (1981 ï2040). These are pivotal resources for elucidating localized drought 

phenomena within the Mitidja Plain. These stations yield indispensable datasets 
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encompassing streamflow, precipitation, and temperature records. The streamflow data is 

crucial for evaluating hydrological drought conditions, whereas the precipitation and 

temperature datasets facilitate the assessment of meteorological variability and patterns of 

Evapotranspiration. The previously mentioned datasets will serve to compute indices, 

including the Standardized Precipitation Index (SPI) and the Agriculture Standardized 

Precipitation Index (aSPI). These stationsô extensive, high-resolution observations present 

dependable input for trend analysis and drought evaluation within the specified region. 

3.4.2 Worldwide data passes 

To augment the station-derived data and extend the temporal analysis, datasets obtained from 

internet sources, spanning a minimum of 30 years (Wu et al., 2017), Using the same 

coordinate for selected rain gauge will be downloaded climate historical data like  CHIRPS 

(Climate Hazards Group InfraRed Precipitation with Station data), precipitation time series, 

GirdMET_4KM_ Daily, from climate engine website 

https://app.climateengine.org/climateEngine (from 1981 to 2023) to fill the gaps in the 

station's data. Moreover, the CORDEX Regional Climate Model 

https://doi.org/10.24381/cds.bc91edc3 for AFR_44, Historical data (1980 _2005), and future 

data (2006_2045) to make downscaling and bias correction using the software tool. 

Integrating these global and regional databases guarantees consistency in climatic and 

hydrological records, thereby addressing gaps in the station data and offering a more 

comprehensive temporal and spatial context. Such datasets are essential for calculating 

supplementary drought indices, validating station data, and capturing prolonged climatic 

trends significantly affecting regional drought occurrences. 

3.4.3  CMhyd (Climate Model Data for Hydrologic Modeling) 

CMhyd is a methodological instrument for extracting and correcting biases in data derived 

from global and regional climate models. It is strongly advised to implement an ensemble 

methodology, specifically by utilizing bias-corrected data sourced from multiple climate 

models and downscaling techniques; CMhyd was developed utilizing the Python 2.7 

programming language, employing a variety of Python libraries, primarily NetCDF4.1, 

NumPy (Vander Walt et al., 2011), SciPy (Oliphant, 2007; Millman & Aivazis, 2011), in 

conjunction with the PyQt42 application framework (Teutschbein & Seibert, 2012). 

https://app.climateengine.org/climateEngine
https://doi.org/10.24381/cds.bc91edc3
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3.4.3.1 Framework 

The CMhyd tool, developed by Rathjens et al. (2016), is designed to preprocess climate 

model outputs for hydrological modeling. It incorporates bias correction and downscaling 

techniques, ensuring that raw climate model data align with observed historical records. This 

adjustment makes the data suitable for evaluating drought events and forecasting future 

hydrological changes (A.-E.K. Vrochidou et al., 2012). By providing a robust framework for 

data integration, the CMhyd tool enhances our understanding of hydrological responses to 

climate variability and supports more accurate water resource management strategies 

(Borden & Goodwin, 2022). 

 

Figure 13.3: Bias correction framework(Rathjens et al., 2016) 

Figure (13.3) Bias correction framework outlines a systematic approach commonly 

employed in climate research to correct biases inherent in climate model simulations. This 

methodology plays a crucial role in improving the reliability of model outputs, enabling more 

accurate projections and a better understanding of future climate impacts.  
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Figure 14.3: The CMhyd graphical user interface. The orange numbers indicate the 

steps 3.4.3.2 to 3.4.3.5 (Rathjens et al., 2016) 

3.4.3.2 Input Observed Data 

Variables: Precipitation, Temperature. Format: ASCII files containing daily records. Source: 

Historical observations from regional monitoring stations (Rathjens et al., 2016). These 

observational datasets yield precise, empirical climate variables documented at distinct 

geographical locales over protracted durations, establishing a foundation for juxtaposition 

with model outputs. 

3.4.3.3 Climate Model Data 

Variables: Precipitation (pr), maximum Temperature (Tmax), minimum temperature 

(Tmin). Periods: Period: The climate data encompasses both historical observations (1980ï

2005) and prospective projections (2006ï2043) predicated on representative concentration 

pathway (RCP) scenarios, offering insights into conceivable climate scenarios under diverse 

greenhouse gas emission trajectories (Rathjens et al., 2016). 

3.4.3.4 Preprocessing 

Data Extraction: Retrieve pertinent climate data from model outputs and observed datasets, 

ensuring alignment with the specific locations of regional climate monitoring stations (gauge 

locations). Data Synchronization: Authenticate and synchronize observed and simulated 
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historical time series for overlapping intervals, ensuring consistency and precision in data 

representation. This phase is paramount for aligning historical data with corresponding model 

simulations, ensuring that comparison and bias correction procedures are predicated on well-

matched temporal datasets(Rathjens et al., 2016). 

3.4.3.5 Bias Correction 

Correction Methodology: Employ sophisticated bias correction methodologies, such as linear 

scaling, which modify model outputs by employing linear scaling techniques to coincide with 

observed values. These techniques are frequently utilized when discrepancies are uniform 

across the data spectrum. Delta Change: Implement a delta-change methodology to amend 

future projections by integrating observed historical variances between the model and actual 

data. Distribution Mapping: Apply statistical transformations to align model outputs' 

probability distribution with observed data, ensuring realistic simulations. Validation: 

Confirm that the rectified data closely corresponds with historical conditions through 

validation assessments. This phase is critical to ensure the model's output is adjusted and 

accurately mirrors observed climate data, rendering it suitable for future climate projections 

(Rathjens et al., 2016). 

3.4.3.6  Output Generation  

Data Format: Archive the bias-corrected datasets in formats congruent with hydrological 

modeling tools, such as SWAT (Soil and Water Assessment Tool). It guarantees that the 

corrected data can be effortlessly integrated into subsequent modeling phases. Systematic 

Organization: Arrange the output by climate variable (precipitation, Tmax, Tmin), temporal 

period (historical or future projections), and the employed bias correction methodology. This 

systematic methodology facilitates the easy retrieval and comparison of diverse datasets and 

correction approaches, enhancing workflow efficiency (Rathjens et al., 2016). 

3.4.3.7 Output 

Bias-Corrected Datasets: This section delineates the provision of time series data comprising 

bias-corrected precipitation and temperature metrics at designated gauge locations, 

encompassing both retrospective and prospective projections. These rectified datasets are 

pivotal inputs for hydrological modeling endeavors, ensuring that verisimilar climatic data 

underpin the models. Time Series: The conclusive output encompasses time series data for 

both historical epochs (1980ï2005) and future forecasts (2006ï2043) predicated on 
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Representative Concentration Pathway (RCP) scenarios, meticulously organized for 

seamless integration into hydrological modeling frameworks. Quality Assessment: This 

segment entails the generation of comparative graphical representations and visualizations 

that elucidate the disparities between observed datasets, unrefined model outputs, and bias-

corrected information. Such visualizations facilitate a qualitative evaluation of the correction 

process, thereby aiding in identifying residual biases and substantiating the methodsô efficacy 

(Rathjens et al., 2016). 

3.5 Drought Indices Calculation 

This section meticulously analyzes the methodologies employed in calculating essential 

drought indices, each offering unique insights into the multifaceted dimensions of drought 

phenomena. The indices identified include the Standardized Precipitation Index (SPI) and 

Agriculture Standardized Precipitation Index (aSPI).  

3.5.1  Standardized Precipitation Index (SPI) 

The Standardized Precipitation Index (SPI) represents a statistically formulated metric that 

entails the application of a gamma probability distribution model to the empirical 

precipitation datasets (GŃsiorek et al., 2014). This model quantifies precipitation anomalies 

over various time scales, providing a more nuanced understanding of drought conditions and 

enabling better decision-making in water resource management (Rad et al., 2017). 

The Standardized Precipitation Index (SPI) is a statistically derived index that involves fitting 

a gamma probability distribution to the observed precipitation data. This distribution is 

characterized by a probability density function defined as follows: 

Ὣὢ  
ρ

‍ɻɜɻ
 
 
ὢɻ Ὡ ȾȟÆÏÒ ὼ  π 

(Eq.1) 

Where Ŭ represents the shape factor, ɓ is the scale factor, ũ(Ŭ) is the gamma function, and 

ὢ denotes the precipitation amount over k consecutive months. Calculating ὢinvolves 

summing the monthly precipitation data over k consecutive months. 
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Where: 

ὃ ÌÎὢ
ρ
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For n observation  

The next step involves calculating the cumulative probability G(ὢ) Using an incomplete 

gamma function. Because the gamma distribution is undefined for ὢ = 0, a modified 

cumulative probability H(ὢ) It was introduced to account for the zero-precipitation 

probability (Asadi Zarch et al., 2015). 

Ὄὢ   ή  ρ  ή Ὃὢ  (Eq.4) 

Where q is the probability of zero precipitation.  

The final step transforms the cumulative probability H(ὢ) Into the standard regular random 

variable Z, representing the SPI value. This transformation employs the formula proposed by 

Wu et al. (2006): 

ᾀ ὛὖὍ ὸ
ὧ ὧὸ ὧὸ

ρ Ὠὸ Ὠὸ Ὠὸ
 (Eq.5) 

For 0<H(xk)<0.5, ὸ ÌÎ  (Eq.6) 

And for 0.5<H(xk)<1.0, ὸ ÌÎ   (Eq.7) 

The coefficients c0, c1, c2, d1, d2, and d3 are constants provided by Abramowitz and 

Stegun (1965). 

To comprehensively assess meteorological drought patterns, SPI values were computed on 

various timescales, including annual, 1 month (SPI-1), 3 months (SPI-3), 6 months (SPI-6), 

and 12 months (SPI-12). This temporal distribution of the calculations allowed for the 
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characterization of drought (severity, intensity, duration, and frequency) within Mitidja Plain. 

Interpretation of SPI values is essential for categorizing meteorological drought events. 

Table 7.3: A classification system based on the SPI, RDI, and SSFI values.  

SPI, RDI, and SSFI 
Values 

Drought categories 

>2 Extremely wet 
1.5ï1.99 Severely wet 

1.0ï1.49 Moderately wet 

-0.99ï 0.99 Near Normal 

-1.0ï -1.49 Moderate drought 

-1.5ï -1.99 Severe drought 

<-2 Extreme drought 

(Source: Jang, 2018) 

3.5.2 Agriculture Standardized Precipitation Index (aSPI) 

The Agricultural Standardized Precipitation Index (aSPI) is recognized as a crucial 

instrument for assessing agricultural drought, particularly in water-scarce regions. By 

leveraging commonly available meteorological data, aSPI provides a more nuanced 

evaluation of adequate precipitation, which is essential for plant growth. This index is 

integrated into the Drought Indices Calculator (DrinC) software, facilitating timely and 

efficient drought characterization and management. Such capabilities are vital for 

maintaining agricultural productivity in areas where water resources are limited (Tigkas et 

al., 2022). 

The impact of aSPI on agricultural productivity is significant. It prioritizes effective 

precipitation measurement, which directly contributes to plant development, offering a more 

accurate assessment of crop water availability than traditional indices that may not consider 

this aspect (Tigkas et al., 2022). Furthermore, by incorporating aSPI into tools like DrinC, 

stakeholders such as farmers and policymakers can identify drought conditions earlier, 

allowing for proactive measures to mitigate adverse effects on crop yields. The 

straightforward application of aSPI in operational settings enhances its accessibility for 

routine agricultural management, improving decision-making processes related to irrigation 

and water resource allocation (Tigkas et al., 2022). 
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The computation of aSPI within the DrinC framework is executed via the interface delineated 

in Figure (15.3) wherein the corresponding index is designated. The probability distributions 

permissible for each drought index (DI) encompass log-normal and gamma distributions, 

both deemed appropriate for the derivation of the indices. 

 

Figure 15.3: Drought indices calculation settings 

In gamma distribution, the probability density function is: 

Ὣὼ 
ρ

‍ɜ‎
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(Eq.8) 

In which g and b are shape and scale parameters, respectively, with g > 0 and b > 0 and 

G(g) is the gamma function: ᷿ ώ
Њ

Ὠώ 

The parameters ɔ and ɓ can be estimated by: 
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In which ὃ ÌÎὢ
В

  Moreover, n is the length (years) of the time series. 

The cumulative probability G(x) is derived from Equation (6) as: 



~ 50 ~ 
 

Ὃὼ ὫὼὨὼ
ρ

‍ɜ‎
ὼ Ὡ ȾὨὼ (Eq.10) 

Letting t = x/ɓ, Equation (8) becomes the incomplete gamma function: 

Ὃὼ
ρ

ɜ‎
ὸ Ὡ Ὠὸ (Eq.11) 

As already mentioned, the above is defined for x > 0; if x = 0, i.e., the cumulative effective 

precipitation for a selected period is zero, to estimate the zero-value probability (q) of x, the 

cumulative distribution function is: 

Ὄὼ  ή  ρ  ή Ὃὼ (Eq.12) 

Table 8.3: Drought classes based on aSPI values. 

aSPI Value Category 

Ó2.00 Extremely wet 

1.50 to 1.99 Severely wet 

1.00 to 1.49 Moderately wet 

0.50 to 0.99 Mildly wet 

ī0.49 to 0.49 Normal 

ī0.50 to ī0.99 Mild drought 

ī1.00 to ī1.49 Moderate drought 

ī1.50 to ī1.99 Severe drought 

Òī2 Extreme drought 

3.5.3 Drought Indices Calculation tool 

Drought Indices Calculator (DrinC) software developed at the National Technical University 

of Athens. DrinC, recognized for its versatility and user-friendly interface, has proven 

instrumental in drought analysis across diverse regions, particularly in arid and semi-arid 

areas (Tigkas, 2008; Tigkas et al., 2015). The graphical user interface (GUI) of DrinC, 

illustrated in Figure 16.3, shows the SPI and aSPI calculations in this study. 
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Figure 16.3: Graphical user interface (GUI) of DrinC 

3.6 Trend Analysis  

Examining broad-ranging patterns linked to climate, farming, and water scarcity issues 

provides a crucial understanding for developing strategies and frameworks to adapt to climate 

change concerning agricultural management and water resource oversight. 

Multi-scale trend analysis of meteorological, agricultural, and hydrological drought types 

provides vital information for developing mitigation strategies and climate change adaptation 

frameworks for agricultural planning and water resource management (Mishra & Kumar, 

2018; Poonia et al., 2021). 

Trend analysis tests can be classified as parametric and non-parametric methods. Parametric 

tests require data to meet normality and independence assumptions, whereas non-parametric 

tests require only independence (Gocic & Trajkovic, 2013). Using a non-parametric Mann-

Kendall estimator test, this study used Excel software to determine short- and long-term 

drought trends in the Mitidja Plain. 

3.7 The Mann-Kendall (m-MK) trend test 

The Modified Mann-Kendall (m-MK) trend test enhances the traditional Mann-Kendall 

(MK) test by addressing issues related to serial correlation and persistence in hydrological 

data, which can skew results. This modification is particularly relevant in drought 

assessment, where accurate trend detection is crucial for effective water resource 

management. 
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The Mann-Kendall (Mann, 1945; Kendall, 1975) trend test is a rank-correlated assessment 

of the order of observations and their time sequence. This method has been widely applied 

to test for significant trends in hydroclimatic time series (Gocic & Trajkovic, 2013). 

The test evaluates the null hypothesis (H0) of no trend against the alternative (H1) of a 

monotonic increasing or decreasing trend over time. The Mann-Kendall statistic S is 

calculated as follows: 

Ὓ ίὫὲὼ ὼ  (Eq.13) 

Where: 

xj, xi: Observed data values for years j and i, respectively. 

n: Total number of observations in the time series. 

sgn(xj-xi): Signum function defined as: 

ίὫὲὼὮὼὭ

ρȟὭὪὼὮὼὭρ
πȟὭὪὼὮὼὭρ
ρȟὭὪὼὮὼὭρ

 (Eq.14) 

When n Ó 8, S is approximately normally distributed with a mean of zero and variance 

computed as follows: 

ὠὥὶί
ÎÎ ρ ςÎ  υ  В ὸὸ  ρ ςὸ  υ

ρψ
 (Eq.15) 

Where: 

m: Number of tied groups. 

ὸ: Size of i-th tied group. 

The standardized test statistic ZMK is: 
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A positive (negative) ZMK value indicates an increasing (decreasing) trend, respectively. 

|ZMK| > ZŬ/2 value at the desired significance level Ŭ (5% in this study) indicates a trend 

significance. Non-rejection of H0 occurs when |ZMK| < ZŬ/2, denoting no detectable trend. 

3.8 Drought Assessment Accuracy: 

Studies have shown that the m-MK test can yield different results compared to the MK test, 

particularly in identifying significant trends in rainfall extremes and drought severity, which 

is critical for planning and management (Lornezhad et al., 2023; Sa'adi et al., 2019). 

3.9 Conclusion 

This chapter outlines the methodological framework and data acquisition procedures to 

evaluate agricultural and meteorological droughts within the Mitidja Plain. By integrating 

heterogeneous datasets, advanced analytical tools, and geospatial techniques, the study aims 

to comprehensively understand drought patterns, their temporal and spatial dynamics, and 

their implications for the region's water resources and agricultural productivity. The 

methodological approach ensures the findings' accuracy, reliability, and robustness, offering 

actionable insights for sustainable water resource management and enhanced agricultural 

resilience. 

The study area, the Mitidja Plain, is characterized by its geographical, climatic, hydrological, 

and agricultural significance. Its Mediterranean climate, fertile soils, and diverse crop 

production make it a vital agricultural hub in Algeria. However, the region's susceptibility to 

drought, exacerbated by climate variability and over-extraction of groundwater, poses 

significant challenges to water availability and agricultural sustainability. The detailed 

description of the study area, including its climatic characteristics, hydrological regime, and 

geological features, underscores the importance of this research in addressing the pressing 

issues of drought and water resource management. 
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The research design adopts a quantitative and observational approach, leveraging historical 

and global datasets to analyze drought trends and their impacts. Drought indices such as the 

Standardized Precipitation Index (SPI) and Agriculture Standardized Precipitation Index 

(aSPI) provide a multi-faceted assessment of drought conditions. These indices, calculated 

using advanced tools like the Drought Indices Calculator (DrinC) and bias-corrected climate 

model data from CMhyd, enable a nuanced understanding of drought severity, duration, and 

frequency. 

Trend analysis, conducted using the Modified Mann-Kendall (m-MK) test, offers critical 

insights into the long-term patterns of meteorological, agricultural, and hydrological 

droughts. This analysis is essential for developing adaptive strategies and frameworks to 

mitigate the adverse effects of climate change on agriculture and water resources. Integrating 

historical data with future climate projections ensures that the study captures past and present 

drought dynamics and anticipates future challenges, supporting proactive and informed 

decision-making. 

In conclusion, this chapter lays a solid foundation for the subsequent analysis and 

interpretation of drought phenomena in the Mitidja Plain. By employing a rigorous 

methodological approach, the study aims to contribute significantly to the scientific 

understanding of drought impacts and to provide practical recommendations for enhancing 

the resilience of agricultural systems and ensuring the sustainable management of water 

resources in the face of increasing climate variability and change. 
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Figure 17.3: Methodology framework summary
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Chapter 4 RESULTS AND DISCUSSION 

4.1 Cleaning Data 

In this research, data collected from nine meteorological stations underwent a thorough 

cleaning and pre-processing to guarantee precision and dependability. The cleaning phase 

included detecting and rectifying inconsistencies, addressing missing values, and managing 

outliers in the initial dataset. Due to the inadequate infrastructure in the area, a significant 

portion of the raw data was found to be outdated, with records spanning from 1975 to 2000. 

These older datasets were unsuitable for contemporary research as they did not provide the 

temporal resolution required for precise analysis. We applied CMhyd software to downscale 

the data to a finer spatial resolution to overcome these challenges, making it appropriate for 

comprehensive regional analysis. 

Furthermore, we utilized the CHIRPS (Climate Hazards Group InfraRed Precipitation with 

Station data) tool to close the data gaps, resulting in a more continuous and robust dataset 

encompassing historical and future periods. This downscaling method and gap-filling 

techniques enabled converting coarse global or regional climate model outputs into higher-

resolution data more applicable to localized research. This process significantly improved 

the accuracy of our climate projections, yielding a more detailed perspective of local 

environmental conditions. Incorporating station-specific characteristics further contributed 

to more precise, location-based predictions. The refined dataset, which now extends into 

future timelines, is essential for comprehensive climate research, as it better represents the 

distinct conditions of each station. Ultimately, this methodology aids informed decision-

making in environmental planning and policy, ensuring that the research is founded on the 

most precise and current data accessible. 

4.2 Bais Correction  

One of the Bias correction methods is the linear scaling method, which is A non-linear power 

bias correction method that was applied to correct CHIRPS bias using rain gauge data as a 

reference (Goshime et al., 2019) 

Table 9.4: Linear scaling method factors  

Month 

 

MEURAD 

BARRAGE 

PONT CW 

7 

HADJOUT 

TIPAZA HAMIZ 

BARRAGE 

OULED 

ALI 

PONT 

D9 
BARAKI MOUZAIA SOUMA

A 
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Jan 1.56 1.5 1.5 1.11 1.13 1.09 1.21 1.59 1.39 

Feb 1.26 1.11 1.07 0.78 0.84 0.79 0.8 1.18 0.98 

Mar 0.59 0.55 0.51 0.52 0.52 0.51 0.52 0.66 0.59 

Apr 0.55 0.53 0.52 0.52 0.5 0.49 0.44 0.64 0.61 

May 0.74 0.69 0.69 0.53 0.6 0.56 0.63 0.83 0.67 

Jun 0.36 0.31 0.3 0.21 0.22 0.21 0.26 0.42 0.31 

Jul 0.13 0.09 0.07 0.14 0.18 0.14 0.09 0.12 0.17 

Aug 0.19 0.16 0.14 0.12 0.13 0.12 0.18 0.17 0.18 

Sep 0.5 0.52 0.5 0.47 0.48 0.46 0.62 0.65 0.58 

Oct 0.62 0.58 0.54 0.56 0.63 0.56 0.65 0.7 0.68 

Nov 1.86 1.92 1.89 1.37 1.45 1.39 1.59 2.06 1.69 

Dec 1.8 1.74 1.72 1.36 1.44 1.39 1.43 1.88 1.66 

 

Table (9.4) presents the bias correction factors and outlines the necessary modifications to 

enhance weather model forecasts, ensuring they align more closely with recorded rainfall 

patterns throughout various months. The correction factors indicate evident seasonal 

variations that influence the model's dependability. Specifically, the model frequently 

underpredicts rainfall during the winter months, particularly in November and December. For 

example, November registers the highest bias correction factor of 2.06, signifying a marked 

underestimation of rainfall compared to actual data, highlighting the necessity for model 

improvements to boost the precision of winter precipitation forecasts. Conversely, during the 

summer months, such as July and August, the model tends to overestimate rainfall, with bias 

correction factors recorded at low values (0.07 in July and 0.19 in August), indicating an 

overprediction against the observed rainfall. This tendency corresponds with the generally 

lower and more inconsistent rainfall patterns typical of summer. From March to June, the 

correction factors are moderate, with June particularly noted for its notably low factor of 

0.42, suggesting an overprediction of rainfall in late spring and early summer. These insights 

underline the critical need to adjust the model for both overestimations and underestimations, 

ultimately enhancing the model's credibility across all seasons. 



~ 58 ~ 
 

4.3 Rainfall Analysis 

In this study, we analyzed rainfall data obtained from nine meteorological stations, utilizing 

the Cumulative Distribution Function (CDF) to compare uncorrected (raw) data with the 

corrected data produced by CMhyd software. The CDF function enabled us to evaluate the 

distribution of rainfall amounts across various months and to visually contrast how the raw 

and corrected datasets correspond with actual rainfall trends. By concentrating on monthly 

rainfall, we sought to determine how CMhydôs bias correction process enhanced the dataôs 

accuracy, especially its ability to depict seasonal fluctuations and significant rainfall 

occurrences better. This analysis is vital for comprehending how model adjustments improve 

the reliability of rainfall projections and aid in more precise regional climate evaluations. 

 

Figure 18.4: The Cumulative distribution function (CDF) at Meurad Barrage 

The Meurad Barrage rainfall data graph (18.4) compares the uncorrected and bias-corrected 

datasets through the Cumulative Distribution Function (CDF). The uncorrected data (solid 

grey line) tends to underestimate rainfall in low-precipitation months (up to 200mm) and 

overestimate in high-precipitation months (over 300mm). In contrast, the bias-corrected data 

(dashed blue line) aligns more closely with actual rainfall trends, providing a more accurate 

prediction model. The bias correction significantly enhances rainfall prediction accuracy and 

demonstrates the CMhyd modelôs ability to adjust for underestimations and overestimations, 

improving its reliability. 

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

1
1.1

0 50 100 150 200 250 300 350 400 450 500

C
D

F 
(-)

Rainfall Manthly (mm)

MEURAD BARRAGE 

Bais Corrected_Data Uncorrected_Data



~ 59 ~ 
 

 

Figure 19.4: The Cumulative distribution function (CDF) at Pont CW 7 Hadjout 

Figure (19.4) compares unadjusted rainfall records (solid grey line) with bias-corrected data 

(dashed blue line) at Pont CW 7 Hadjout. The uncorrected data underestimates rainfall for 

totals of 200 mm or less and overestimates for totals exceeding 300 mm, revealing significant 

inaccuracies in the model's predictions. In contrast, the bias-corrected data shows a flatter 

histogram, indicating better calibration to actual rainfall trends. The bias correction process 

enhances data accuracy and underscores its critical role in improving rainfall estimates and 

ensuring reliable forecasts. 

 

Figure 20.4: The Cumulative distribution function (CDF) at Tipaza 

Figure (20.4) compares uncorrected and bias-corrected rainfall data for Tipaza, showing 

significant discrepancies. The uncorrected data underestimates rainfall for 250mm or less, 

while the bias-corrected data aligns more accurately with actual trends. Although the 

uncorrected data occasionally overestimates rainfall for totals above 400mm, this is less 
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severe than the underestimations at lower levels. Overall, the findings emphasize the 

effectiveness of bias correction in refining rainfall predictions and enhancing dataset 

reliability across various rainfall ranges. 

 

Figure 21.4: The Cumulative distribution function (CDF) at Hamiz Barrage 

Figure (21.4) compares uncorrected rainfall data and bias-corrected data for Hamiz Barrage, 

showing significant differences. The uncorrected data underestimates rainfall below 200mm 

and slightly overestimates it above 300mm, while the bias-corrected data aligns closely with 

observed trends, enhancing prediction accuracy. This correction improves the reliability of 

rainfall forecasts, which is crucial for effective water resource management and informed 

decision-making in irrigation, flood control, and risk mitigation, ultimately supporting 

sustainable water management. 

 

Figure 22.4: The Cumulative distribution function (CDF) at Ouled Ali 
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Figure (22.4) compares unadjusted rainfall data (solid grey line) with bias-corrected data 

(dashed blue line) for Ouled Ali, highlighting the improvement in accuracy through the 

application of bias correction. The uncorrected data consistently underestimates rainfall at 

low intensities, particularly around 200mm, while slightly overestimating rainfall above 

300mm. In contrast, the bias-corrected data aligns more closely with observed trends, 

demonstrating a significant enhancement in the reliability of the rainfall forecasts. This 

improvement underscores the effectiveness of bias correction in refining model predictions 

and ensuring they better reflect actual rainfall patterns. 

 

Figure 23.4: The Cumulative distribution function (CDF) at Pont D9 

Figure (23.4) compares unadjusted (solid grey line) and bias-adjusted (dashed blue line) 

precipitation data for Pont D9, revealing key insights into the accuracy of rainfall predictions. 

The unadjusted data consistently underestimates rainfall for monthly totals up to 200 mm. In 

contrast, the bias-adjusted data aligns more closely with actual rainfall trends, demonstrating 

the effectiveness of the bias correction in enhancing model accuracy. For months with higher 

rainfall totals (over 300 mm), the unadjusted data slightly overestimates precipitation, 

although the deviation is minimal compared to the more significant underestimation at lower 

levels. This comparison highlights the importance of bias correction in improving the 

reliability of rainfall forecasts. 
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Figure 24.4: The Cumulative distribution function (CDF) at Baraki 

Figure (24.4) presents the Cumulative Distribution Function (CDF) for the Baraki location, 

comparing uncorrected (solid grey line) and bias-corrected (dashed blue line) rainfall data. 

The uncorrected data consistently underestimates rainfall for monthly totals up to 200 mm. 

In contrast, the bias-corrected data aligns more closely with observed rainfall patterns, with 

the curve flattening to reflect more accurate predictions. Although the uncorrected data 

slightly overestimates rainfall for amounts exceeding 300 mm, the discrepancy is minor 

compared to the significant underestimation for lower rainfall months. This suggests that 

while the model performs well for higher rainfall events, further improvement is needed for 

months with lower precipitation. The bias-corrected data effectively addresses these issues, 

providing a more reliable and accurate representation of rainfall trends. 

 

Figure 25.4: The Cumulative distribution function (CDF) at Mouzaia 

Figure (25.4) compares uncorrected rainfall data (solid grey line) with bias-corrected data 

(dashed blue line) for Mouzaia, highlighting key discrepancies between raw data and refined 
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predictions. The uncorrected data consistently underestimates rainfall by up to 300 mm, 

indicating a clear bias, while the bias-corrected data aligns more closely with real-world 

rainfall patterns, demonstrating effective calibration. Although the uncorrected data slightly 

overestimates rainfall above 400 mm, the discrepancy is minimal compared to the significant 

underestimation at lower levels. These findings underscore the importance of addressing data 

biases, ensuring more accurate predictions, and enabling better-informed water resource 

planning and management decisions. 

Figure 26.4: The Cumulative distribution function (CDF) at Soumaa 

Figure (26.4) compares uncorrected and bias-corrected rainfall data for the Soumaa region, 

revealing key insights that can guide water resource management decisions. The uncorrected 

data consistently underestimates rainfall up to 300 mm, indicating a systematic bias. In 

contrast, the bias-corrected data aligns more closely with observed patterns, demonstrating 

the effectiveness of the correction factors in calibrating the model. Although the uncorrected 

data slightly overestimates rainfall above 400 mm, the discrepancy is minor compared to the 

more significant underestimation at lower levels. This analysis highlights the importance of 

addressing biases in data and models to ensure more accurate predictions, which are crucial 

for effective planning in water resource management, including irrigation, flood control, and 

preparedness efforts. 

In this study, we evaluated the impact of bias correction on rainfall prediction accuracy using 

the Cumulative Distribution Function (CDF) to compare uncorrected and bias-corrected data 

from nine meteorological stations. The results revealed a consistent trend where uncorrected 

data underestimated rainfall during low-precipitation months and overestimated rainfall 

during high-precipitation events. The bias-corrected data, produced by CMhyd software, 
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aligned much more closely with actual observed rainfall patterns, offering improved 

accuracy, especially in capturing seasonal variations and significant rainfall occurrences. 

For stations like Meurad Barrage and Pont CW 7 Hadjout, the uncorrected data consistently 

underestimated rainfall for amounts below 200 mm while slightly overestimating high-

precipitation events above 300 mm. In contrast, the bias-corrected data corrected these errors, 

offering a more reliable representation of actual rainfall trends. Similar improvements were 

observed at other stations, including Tipaza, Hamiz Barrage, and Ouled Ali, where bias 

correction enhanced the model's ability to accurately represent both low and high rainfall 

totals. These improvements are vital for water resource management, as accurate rainfall data 

is critical for informed decision-making in irrigation, flood control, and risk mitigation 

efforts. 

The analysis at stations like Pont D9, Baraki, and Mouzaia also confirmed the effectiveness 

of bias correction. In each case, the bias-corrected data showed a much better match with 

observed rainfall patterns, underscoring the model's enhanced predictive accuracy. At 

Soumaa, the bias correction addressed systematic underestimations for low rainfall months 

and slightly reduced overestimations in higher rainfall months, further emphasizing the 

correction's value in refining model accuracy. 

In conclusion, the findings from all stations highlight the substantial benefits of bias 

correction in improving rainfall prediction accuracy. By aligning the model more closely 

with observed rainfall patterns, bias correction provides a more reliable representation of 

rainfall, essential for climate research and effective water resource management. The results 

reinforce the importance of using advanced correction methods like CMhyd to reduce biases 

in precipitation data, ultimately supporting better decision-making for sustainable resource 

planning and environmental management. 

4.4 Meteorological Drought Analysis 

This section analyzes meteorological drought in the Mitidja Plain using the Standardized 

Precipitation Index (SPI) at different timescales. 
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Figure 27.4: The 1-month Standardized Precipitation Index (SPI) at MEURAD BARRAGE 

(1981-2040) 

Figure (27.4) presents the 1-month Standardized Precipitation Index (SPI) at Meurad 

Barrage from October 1981 to September 2040, highlighting significant short-term 

drought events. Key droughts occurred in 1990, 1998, 2000, 2022, and 2030, with the 

most extreme being the June 2030 event, marked by an SPI value of -2.31. The graph 

reveals a mix of wet and dry months, with approximately 15% of months classified as wet 

(SPI > 1) and 12% as dry (SPI < -1). The analysis shows that while damp and dry periods 

are balanced, several severe drought events, particularly in 2030 and 2027, emphasize the 

need for monitoring short-term drought conditions. These findings are crucial for water 

resource management and regional preparedness, highlighting the potential for extreme 

droughts in the coming years. 

 

Figure 28.4: The 3-month Standardized Precipitation Index (SPI) at MEURAD BARRAGE 
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Figure (4.11) presents the 3-month Standardized Precipitation Index (SPI) at Meurad 

Barrage from October 1981 to September 2040, providing insights into more sustained 

wet and dry spells. The analysis identifies several significant drought events, including 

the extreme 1989 drought with SPI values of -3.15, -2.61, and -2.06, and the prolonged 

1991 drought, which reached its peak severity in December. Additional droughts occurred 

in 2003, 2005, 2011, 2018, 2025, and 2030, with SPI values below -1.0. While wet periods 

(18%) occurred more frequently than dry periods (14%) over the 59 years, the most severe 

droughts were observed in 1989 and 2011. The wettest periods were recorded in 1982, 

1992, and 2016, with 2016 being one of the most extreme wet periods. These findings 

emphasize the importance of monitoring medium-term drought conditions to improve 

water resource management and ensure preparedness for both dry and wet extremes. 

 

 

Figure 29.4: The 6-month Standardized Precipitation Index (SPI) at MEURAD BARRAGE 

(1981-2040) 

Figure (29.4) presents the 6-month Standardized Precipitation Index (SPI) for Meurad 

Barrage from 1981 to 2040, revealing significant variability in rainfall patterns over the 59 

years. The analysis identifies several severe droughts, with the most extreme occurring in 

May 1989, where SPI values reached -3.54, indicating a period of extreme dryness. Other 

notable droughts occurred in December 1991, September 2003, and October 2030, all marked 

by SPI values below -1. In contrast, wet periods were observed more frequently, with 

significant wet spells in May 1982, July 1992, and November 2016, peaking at 3.05 in 

January 2017, marking an exceptionally damp period. Wet periods (20%) occurred more 

often than dry periods (15%), indicating that while droughts were severe, the region generally 

experienced more rainfall, with these fluctuations highlighting the importance of monitoring 
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SPI trends for effective water resource management. The contrasting wet and dry periods 

emphasize the need for adaptive strategies to manage short-term droughts and extreme wet 

spells. 

 

Figure 30.4: The 9-month Standardized Precipitation Index (SPI) at MEURAD BARRAGE 

(1981-2040) 

Figure (30.4) presents the 9-month Standardized Precipitation Index (SPI) for Meurad 

Barrage from 1981 to 2040, highlighting several significant long-term drought episodes. The 

most extreme droughts occurred in 1989 and 1991, with SPI values reaching as low as -3.26 

in August 1989 and -2.22 in December 1991. Other notable droughts were observed in 2005, 

2011, 2018, 2025, and 2030, with prolonged dry spells spanning several months. Despite 

these dry events, the analysis also revealed a higher frequency of wet periods (22%) 

compared to dry periods (16%), with the wettest years being 1982, 1992, and 2016, the latter 

being one of the most extreme wet periods. These findings emphasize the variability of 

precipitation over the 59 years and the importance of monitoring medium-term droughts to 

manage water resources effectively and ensure preparedness for both dry and wet extremes. 
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Figure 31.4: The 12-month Standardized Precipitation Index (SPI) at MEURAD 

BARRAGE (1981-2040) 

Table 10.4: Analyzing Meteorological Drought Patterns in MEURAD BARRAGE Using a 

12-Month SPI Timescale (1981ï2040)  

Onset Termination 

Duration (D) 

Months Severity (S) Intensity(I) 

Nov-83 Dec-83 2 -2.18 -1.09 

May-86 Sep-86 5 -6.36 -1.27 

Feb-88 Mar-88 2 -2.02 -1.01 

May-88 Jun-88 2 -2.13 -1.07 

Feb-89 Nov-90 22 -36.14 -1.64 

Dec-91 Aug-92 9 -12.80 -1.42 

Nov-98 Oct-99 12 -14.67 -1.22 

Dec-05 Dec-06 13 -30.49 -2.35 

May-08 Sep-08 5 -5.53 -1.11 

Apr-11 May-11 2 -2.02 -1.01 

Oct-11 Jan-12 4 -4.22 -1.05 

Jun-13 Jul-13 2 -2.00 -1.00 

Jan-18 Oct-18 10 -12.31 -1.23 

Dec-25 Apr-26 5 -7.59 -1.52 

Nov-31 Dec-31 2 -2.64 -1.32 
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Nov-35 Jan-36 3 -3.81 -1.27 

Feb-38 Oct-38 9 -14.21 -1.58 

 

The analysis in Table (10.4) details meteorological drought patterns at the Meurad Barrage 

using a 12-month Standardized Precipitation Index (SPI) from 1981 to 2040. Several 

significant drought events are highlighted, including a 22-month drought from February 1989 

to November 1990, with a severity of -36.14 and an intensity of -1.64, and a 13-month 

drought from December 2005 to December 2006, with a severity of -30.49 and an intensity 

of -2.35. Shorter droughts in 1983, 1988, and 2011 show severity values between -2.00 and 

-2.18, indicating that even brief dry periods can have considerable impacts. The occurrence 

of droughts in the 1990s, 2000s, and 2010s reveals a cyclical nature in the region. Extended 

droughts, ranging from 9 to 22 months, significantly impact agricultural systems and water 

resources, underscoring the need for long-term monitoring and preparedness. Overall, the 

analysis emphasizes the complexity and variability of drought events at the Meurad Barrage, 

highlighting the importance of effective drought management strategies and early warning 

systems to ensure the sustainability of water and agricultural resources. 

 

Figure 32.4: The 1-month Standardized Precipitation Index (SPI) at PONT CW 7 

HADJOUT (1981-2040)  

Figure (32.4) presents the 1-month Standardized Precipitation Index (SPI) for Pont CW 7 

Hadjout from 1981 to 2040, highlighting several significant short-term meteorological 

drought events. Notable droughts occurred in January 1983, reaching -1.83; in May 1989, 

reaching -2.05; in December 1991, reaching -3.10; and in October 1998, reaching -2.76, with 

the 1991 drought being the most severe. Significant droughts were observed in 2005, 2011, 

2018, and 2025, with prolonged dry spells in several years. The analysis also showed a higher 
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frequency of wet months (15%) compared to dry months (12%), with the wettest months 

occurring in 1982, 1987, 1997, 2015, and 2020, with 2020 being particularly extreme. These 

findings emphasize the importance of monitoring short-term drought conditions for effective 

water resource management, as the region experiences considerable precipitation variability, 

with significant droughts and wet periods occurring over the 59 years. 

 

Figure 33.4: The 3-month Standardized Precipitation Index (SPI) at PONT CW 7 

HADJOUT (1981-2040)  

Figure (33.4) illustrates the 3-month Standardized Precipitation Index (SPI) for Pont CW 7 

Hadjout from 1981 to 2040, highlighting several significant short-term meteorological 

droughts. The most extreme drought occurred in February 1989, with an SPI value of -2.79, 

followed by a notable drought in November 1998 (SPI = -2.75). Other significant droughts 

were observed from February to April 1989, December 1991, 2005, 2011, 2018, 2025, and 

2030, with many events reflecting prolonged dry spells. The analysis shows that wet periods 

occurred more frequently (18%) than dry periods (14%) over the 59 years, with the wettest 

periods observed in 1982, 1992, 2015, and 2020, particularly the extreme damp period in 

2020. These findings underscore the variability in precipitation patterns and highlight the 

importance of monitoring medium-term drought conditions for effective water resource 

management, as arid and wet periods can significantly impact the region's water availability. 
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Figure 34.4: The 6-month Standardized Precipitation Index (SPI) at PONT CW 7 

HADJOUT (1981-2040)  

Figure (34.4) shows the 6-month Standardized Precipitation Index (SPI) for Pont CW 7 

Hadjout from 1981 to 2040, revealing several significant short-term meteorological droughts. 

The most extreme drought occurred from May to July 1989, with SPI values of -3.28, -2.23, 

and -2.08, making it one of the driest periods in the dataset. Other significant droughts 

occurred in December 1991, November to December 1998, June 2005, July to September 

2011, November to December 2018, February 2025, and July 2030, with the most severe 

events occurring in 1989 and 1998. The analysis shows that wet periods occurred more 

frequently (20%) than dry periods (15%) over the 59 years, with the wettest periods observed 

in 1982, 1992, 2015, and 2020, especially the extreme wet period in 2020. These findings 

highlight the variability in precipitation patterns and the importance of monitoring medium-

term droughts for effective water resource management. 

 

Figure 35.4: The 9-month Standardized Precipitation Index (SPI) at PONT CW 7 

HADJOUT (1981-2040)  
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Figure (35.4) presents the 9-month Standardized Precipitation Index (SPI) for Pont CW 7 

Hadjout from 1981 to 2040, highlighting several significant drought episodes. The most 

extreme drought occurred from May to September 1989, with SPI values ranging from -1.77 

to -3.11, reaching its driest point in August 1989. Other notable droughts included a 

prolonged event from December 1998 to February 1999, with SPI values between -2.06 and 

-2.14, and severe droughts in November 2004, September to October 2006, and February to 

May 2025. The 9-month SPI analysis shows that wet periods occurred more frequently (25%) 

than dry periods (20%) over the 59 years. While droughts, particularly in 1989 and 2004, 

were significant, wet periods in 1982, 1995-1996, 2015, and 2022, including one of the most 

extreme in 2022, were also observed. This analysis underscores the importance of monitoring 

medium-term droughts to manage water resources effectively and highlights the variability 

in precipitation over the period. 

 

Figure 36.4: The 12-month Standardized Precipitation Index (SPI) at PONT CW 7 

HADJOUT (1981-2040)  

Table 11.4: Analyzing Meteorological Drought Patterns in PONT CW 7 HADJOUT Using 

a 12-Month SPI Timescale (1981ï2040) 

Onset Termination 

Duration (D) 

Months Severity (S) Intensity(I) 

Nov-83 Dec-83 2 -2.07 -1.03 

May-86 Oct-86 6 -7.02 -1.17 

Feb-88 Oct-88 9 -9.73 -1.08 
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Feb-89 Nov-90 22 -40.21 -1.83 

Jan-92 Apr-92 4 -4.66 -1.17 

Sep-92 Oct-92 2 -2.34 -1.17 

Oct-98 Oct-99 13 -17.92 -1.38 

Jan-06 Dec-06 12 -15.24 -1.27 

Jan-09 Feb-09 2 -2.07 -1.03 

Sep-13 Oct-13 2 -2.14 -1.07 

Nov-19 Dec-19 2 -2.12 -1.06 

Dec-24 Nov-25 12 -22.36 -1.86 

Mar-31 Oct-31 8 -11.31 -1.41 

Nov-34 Dec-34 2 -2.27 -1.14 

Sep-35 Oct-35 2 -2.15 -1.07 

Nov-38 Feb-39 4 -4.46 -1.11 

 

The analysis in Table (11.4) details meteorological drought patterns at the Pont CW 7 Hadjout 

(1981ï2040) and reveals a significant frequency and intensity of drought events, with a 

notable occurrence of short-term and long-term droughts. The analysis highlights several 

severe droughts, including a 22-month drought from February 1989 to November 1990, with 

an extreme severity of -40.21 and an intensity of -1.83, marking one of the most intense dry 

spells in the dataset. Other major droughts include a 13-month event from October 1998 to 

October 1999 (severity: -17.92, intensity: -1.38) and a 12-month drought from January 2006 

to December 2006 (severity: -15.24, intensity: -1.27), indicating prolonged impacts on water 

resources and agriculture. Shorter droughts, ranging from 2 to 6 months, were also observed, 

particularly in the 1980s, 1990s, 2000s, and 2010s, with severity values between -2.07 and -

2.34, suggesting recurring dry conditions. The cyclical nature of these droughts, particularly 

in the 1990s, 2000s, and 2010s, underscores the vulnerability of the region to both short-term 

and long-term dry spells, emphasizing the need for effective drought management strategies, 

long-term water resource planning, and early warning systems to ensure sustainability in the 

face of frequent and prolonged dry periods. 
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Figure 37.4: The 1-month Standardized Precipitation Index (SPI) at TIPAZA (1981-2040)  

Figure (37.4) illustrates the 1-month Standardized Precipitation Index (SPI) for Tipaza from 

1981 to 2040, highlighting several significant short-term meteorological drought episodes. 

The most severe drought occurred in December 1991, with an SPI value of -3.11, followed 

by another significant drought in October 1998, with an SPI value of -2.76. Other notable 

droughts occurred in May 1983 (-1.17), May 1989 (-2.06), and February 2005 (-2.00), with 

some events showing prolonged dryness, such as in September 2011 (-1.57) and June 2025 

(-2.04). Over the 59 years, wet periods (25%) occurred more frequently than dry periods 

(20%). Despite several severe droughts, particularly in 1991 and 1998, the analysis also 

highlights some extreme wet periods in 1982, 1987, 1993, 2015, and 2020, underscoring the 

variability in precipitation patterns and the importance of monitoring short-term droughts for 

effective water resource management. 

 

Figure 38.4: The 3-month Standardized Precipitation Index (SPI) at TIPAZA (1981-2040)  

Figure (38.4) presents the 3-month Standardized Precipitation Index (SPI) for Tipaza from 

1981 to 2040, revealing several significant short-term meteorological drought episodes. The 
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most severe drought occurred in February 1989, with an SPI value of -2.80, followed by 

another significant drought in November 1998, with an SPI value of -2.59. Other notable 

droughts occurred in June 1983 (-1.54), December 1991 (-2.03), March 2005 (-1.82), and 

May 2011 (-2.49), indicating prolonged periods of dryness. The analysis shows that wet 

periods (30%) occurred more frequently than dry periods (20%) over the 59 years. While the 

most severe droughts occurred in 1989 and 1998, the study also identifies extreme wet 

periods in 1982, 1987, 1993, 2015, and 2020. It highlights the variability in precipitation 

patterns and emphasizes the importance of monitoring short-term droughts for effective water 

resource management. 

 

Figure 39.4: The 6-month Standardized Precipitation Index (SPI) at TIPAZA (1981-2040)  

Figure (39.4) illustrates the 6-month Standardized Precipitation Index (SPI) for Tipaza from 

1981 to 2040, revealing several significant short-term drought episodes. The most severe 

drought occurred in May 1989, with an SPI value of -3.28, followed by another notable 

drought in November 1998, with an SPI value of -2.49. Other significant droughts were 

recorded in June 1983 (-1.54), December 1991 (-0.84), June 2005 (-1.49), and September 

2011 (-1.13), indicating notable periods of dryness. The analysis shows that wet periods 

(25%) occurred more frequently than dry periods (20%) over the 59 years. These findings 

highlight the variability in precipitation patterns, with extreme wet periods observed in 1982, 

1987, 1993, 2015, and 2020. The study underscores the importance of monitoring medium-

term droughts to manage water resources effectively in the face of such variability. 
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Figure 40.4: The 9-month Standardized Precipitation Index (SPI) at TIPAZA (1981-2040)  

Figure (40.4) presents the 9-month Standardized Precipitation Index (SPI) for Tipaza from 

1981 to 2040, highlighting several significant drought episodes. The most severe drought 

occurred in August 1989, with an SPI value of -3.10, marking one of the driest periods in the 

dataset. Other notable droughts were recorded in September 1983 (-1.56), December 1991 (-

0.85), November 1998 (-1.90), September 2005 (-1.50), and October 2011 (-1.62). These 

events reflect the variability in precipitation over the 59 years. The analysis also reveals that 

wet periods (25%) occurred more frequently than dry periods (20%), with extreme wet 

periods observed in 1982, 1987, 1993, 2015, and 2020. These findings emphasize the 

importance of monitoring medium-term droughts to manage water resources effectively, as 

they significantly impact local water availability. 

 

Figure 41.4: The 12-month Standardized Precipitation Index (SPI) at TIPAZA (1981-2040)  
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Table 12.4: Analyzing Meteorological Drought Patterns in TIPAZA Using a 12-Month SPI 

Timescale (1981ï2040) 

Onset Termination 

Duration(D) 

Months Severity (S) Intensity(I) 

Nov-83 Dec-83 2 -2.35 -1.17 

May-86 Oct-85 6 -6.65 -1.11 

Feb-88 Oct-88 9 -9.23 -1.03 

Feb-89 Nov-90 22 -38.88 -1.77 

Jan-92 Apr-92 4 -4.29 -1.07 

Sep-92 Oct-92 2 -2.22 -1.11 

Oct-98 Oct-99 13 -17.41 -1.34 

Dec-05 Dec-06 13 -28.35 -2.18 

May-08 Sep-08 5 -6.21 -1.24 

Dec-11 Jan-12 2 -2.04 -1.02 

Jan-18 Oct-18 10 -12.96 -1.30 

Dec-25 Mar-26 4 -4.60 -1.15 

Jan-28 Feb-28 2 -2.47 -1.24 

Sep-28 Oct-28 2 -2.13 -1.07 

Nov-31 Dec-31 2 -3.37 -1.68 

Nov-35 Jan-36 3 -3.55 -1.18 

Feb-38 Oct-38 9 -14.72 -1.64 

 

Table (12.4) analysis details meteorological drought patterns at the Tipaza (1981ï2040) and 

reveals several significant drought events, highlighting both short-term and long-term dry 

periods. Among the most severe droughts is the 22-month event from February 1989 to 

November 1990, with an extreme severity of -38.88 and an intensity of -1.77, making it one 

of the most extended and most intense droughts in the dataset. Other notable droughts include 

a 13-month drought from October 1998 to October 1999 (severity: -17.41, intensity: -1.34) 

and a 13-month drought from December 2005 to December 2006 (severity: -28.35, intensity: 

-2.18). These prolonged droughts underscore the significant impact of extended dry periods 

on regional water resources and agricultural systems. Shorter droughts, such as the 2-month 

events in November 1983, September 1992, and others in the 2000s, demonstrate more 

frequent but less severe dry periods, with severity values ranging from -2.04 to -6.65. The 
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cyclical nature of droughts in Tipaza, particularly in the 1980s, 1990s, and 2000s, suggests a 

recurring vulnerability to brief and prolonged dry spells. The analysis emphasizes the need 

for effective drought management strategies, long-term water resource planning, and early 

warning systems to address these events' increasing frequency and severity. This 

understanding is crucial for ensuring sustainable water and agricultural resources in the 

region. 

 

Figure 42.4: The 1-month Standardized Precipitation Index (SPI) at HAMIZ BARRAGE 

(1981-2040)  

Figure (42.4) presents the 1-month Standardized Precipitation Index (SPI) for the Hamiz 

Barrage from 1981 to 2040, highlighting several significant short-term drought events. The 

most severe drought occurred in December 1991, with an SPI value of -3.24, followed by 

another extreme drought in October 1998, with an SPI value of -3.63. Other notable droughts 

were recorded in May 1989 (-2.34), August 2005 (-1.91), September 2011 (-1.60), February 

2018 (-2.29), and June 2025 (-1.91), with several of these events being characterized by 

prolonged dryness. The analysis reveals that wet periods (20%) were more frequent than dry 

periods (15%) over the 59 years, although short-term meteorological droughts, especially in 

1991 and 1998, had a notable impact. These findings emphasize the importance of monitoring 

short-term drought conditions for effective water resource management. The wettest periods 

were observed in 1982, 1992, 2015, and 2020, with 2020 being one of the most extreme wet 

periods in the dataset. 
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Figure 43.4: The 3-month Standardized Precipitation Index (SPI) at HAMIZ BARRAGE 

(1981-2040)  

Figure (43.4) illustrates the 3-month Standardized Precipitation Index (SPI) for the Hamiz 

Barrage from 1981 to 2040, highlighting several significant short-term meteorological 

drought events. The most severe drought occurred in November 1998, with an SPI value of 

-2.93, followed by another extreme drought in February 1989, with an SPI value of -2.16. 

Other notable droughts included those in December 1991 (-1.92), March 2005 (-2.01), and 

February 2018 (-1.35). The 3-month SPI analysis reveals a higher frequency of wet periods 

(20%) than dry periods (15%) over the 59 years. However, significant droughts were 

observed, especially in 1989 and 1998, emphasizing the variability in precipitation patterns. 

These findings highlight the importance of monitoring medium-term drought conditions for 

effective water resource management. The wettest periods occurred in 1982, 1992, 2015, and 

2020, with 2020 being one of the most extreme wet periods in the dataset. 

 

Figure 44.4: The 6-month Standardized Precipitation Index (SPI) at HAMIZ BARRAGE 

(1981-2040)  
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Figure (44.4) presents the 6-month Standardized Precipitation Index (SPI) at Hamiz Barrage, 

highlighting several significant mid-term droughts. The most severe drought occurred in May 

1989, with an SPI value of -2.79, marking one of the most intense droughts in the dataset. 

Other notable droughts include June 1983 (-1.33), November 1998 (-2.77), June 2005 (-1.60), 

July 2011 (-1.74), and July 2025 (-1.55). The analysis shows a higher frequency of wet 

periods (30%) than dry periods (20%) over the 59 years. Severe droughts, particularly in 

1989, 1998, 2005, and 2025, underscore the variability in precipitation. In contrast, the 

wettest periods occurred in 1982, 1987, 1993, 2015, and 2020, with 1987 being the wettest 

year. These findings emphasize the importance of monitoring mid-term droughts for effective 

water resource management. 

 

Figure 45.4: The 9-month Standardized Precipitation Index (SPI) at HAMIZ BARRAGE 

(1981-2040)  

Figure (45.4) presents the 9-month Standardized Precipitation Index (SPI) at Hamiz Barrage, 

highlighting several significant long-term droughts. The most severe drought occurred in 

August 1989, with an SPI value of -2.78, marking an intense and prolonged period of dryness. 

Other notable droughts include June 1983 (-1.14), December 1998 (-1.83), September 2005 

(-1.68), October 2011 (-2.27), and August 2025 (-1.73). The analysis reveals substantial 

variability in precipitation, with wet periods occurring 18% of the time and dry periods 22% 

over the 59 years. The severe droughts of 1989, 1998, and 2011 stand out, particularly the 

extreme 1989 drought. In contrast, significant wet periods occurred in 1982, 1987, 1993, 

2015, and 2020, with November 2015 being the wettest. These findings emphasize the 

importance of monitoring long-term drought conditions for water resource management. 
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Figure 46.4: The 12-month Standardized Precipitation Index (SPI) at HAMIZ BARRAGE 

(1981-2040) 

Table 13.4: Analyzing Meteorological Drought Patterns in HAMIZ BARRAGE Using a 12-

Month SPI Timescale (1981ï2040)  

Onset Termination 

Duration(D) 

Months Severity (S) Intensity(I) 

Apr-86 Oct-86 7 -8.62 -1.23 

Mar-89 Oct-90 20 -39.47 -1.97 

Jan-92 Apr-92 4 -4.85 -1.21 

Sep-92 Nov-92 3 -3.59 -1.20 

Mar-99 Sep-99 7 -7.86 -1.12 

Mar-00 Apr-00 2 -2.09 -1.05 

Dec-05 Dec-06 13 -30.28 -2.33 

Mar-08 Nov-08 9 -12.04 -1.34 

Dec-11 Jan-12 2 -2.55 -1.28 

Jun-13 Oct-13 5 -5.45 -1.09 

Jan-18 Oct-18 10 -13.13 -1.31 

Jan-20 Mar-20 3 -3.07 -1.02 

Dec-25 Apr-26 5 -6.17 -1.23 

Jan-28 Feb-28 2 -2.45 -1.22 

Sep-28 Oct-28 2 -2.30 -1.15 
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Nov-31 Dec-31 2 -3.17 -1.59 

Feb-38 Oct-38 9 -13.53 -1.50 

 

The analysis in Table (13.4) details meteorological drought patterns at the Hamiz Barrage 

(1981ï2040) and reveals several significant drought events, with both short-term and long-

term dry periods. Among the most extreme droughts is the 20-month event from March 1989 

to October 1990, with a severity of -39.47 and an intensity of -1.97, marking it as one of the 

most prolonged and most intense droughts in the dataset. Another major drought occurred 

from December 2005 to December 2006, lasting 13 months with a severity of -30.28 and an 

intensity of -2.33, highlighting its severe impact on the region. Other notable droughts 

include a 9-month drought from March 2008 to November 2008 (severity: -12.04, intensity: 

-1.34) and several shorter droughts, such as the 2-month droughts in March 2000 and 

December 2011 (severity values ranging from -2.09 to -2.55). The recurring droughts in 

Hamiz Barrage, especially in the late 1980s, 1990s, and 2000s, indicate a cyclical pattern, 

with brief and extended dry spells posing significant risks to water resources and agriculture. 

The analysis emphasizes the need for effective drought monitoring and management 

strategies, proactive water conservation measures, and long-term planning to mitigate the 

impact of frequent and severe drought events in the region. These findings highlight the 

importance of preparedness in ensuring sustainable agricultural and water resources at Hamiz 

Barrage. 

 

Figure 47.4: The 1-month Standardized Precipitation Index (SPI) at OULED ALI (1981-

2040)  

Figure (47.4) shows the 1-month Standardized Precipitation Index (SPI) at Ouled Ali, 

highlighting several significant short-term drought events. The most severe drought occurred 
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in December 1991, with an SPI value of -3.44, marking a period of extreme dryness. Other 

notable droughts include May 1989 (-2.15), October 1998 (-2.99), and February 2005 (-1.89), 

with several droughts also observed in 2011 and 2025. The analysis reveals that wet periods 

occurred 25% of the time, while dry periods occurred 20% over the 59 years. The most severe 

droughts, particularly in 1991 and 1998, emphasize the variability in precipitation patterns 

and the need for monitoring short-term droughts to ensure adequate water resource 

management. Wet periods were particularly intense in 1982, 1987, 1993, 2015, and 2020, 

with 2020 being one of the most extreme wet periods recorded. 

 

Figure 48.4: The 3-month Standardized Precipitation Index (SPI) at OULED ALI (1981-

2040)  

Figure (48.4) shows the 3-month Standardized Precipitation Index (SPI) at Ouled Ali, 

revealing several significant short-term drought episodes. The most severe drought occurred 

in November 1998, with an SPI value of -2.88, followed by another extreme drought in 

February 1989, with an SPI value of -2.54. Other notable droughts include December 1991 

(-1.99), March 2005 (-1.97), and May 2011 (-2.50). The 3-month SPI analysis highlights that 

wet periods occurred 25%, while dry periods accounted for 20% of the 59 years. The 

variability in precipitation patterns underscores the importance of monitoring short-term 

droughts for effective water resource management, with particularly intense wet periods 

observed in 1982, 1987, 1993, 2015, and 2020, the latter being one of the most extreme wet 

periods in the dataset. 
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Figure 49.4: The 6-month Standardized Precipitation Index (SPI) at OULED ALI (1981-

2040)  

Figure (49.4) shows the 6-month Standardized Precipitation Index (SPI) at Ouled Ali, 

identifying several significant mid-term drought episodes. The most severe drought occurred 

in May 1989, with an SPI value of -3.14, followed by another intense drought in November 

1998, with an SPI value of -2.75. Other notable droughts include April 2006 (-2.55), August 

2011 (-1.63), and June 2025 (-1.55). The 6-month SPI analysis indicates that wet periods 

occurred 25% of the time, compared to dry periods at 20% over the 59 years. These drought 

events highlight the variability in precipitation patterns, emphasizing the need for effective 

water resource management. The wettest periods were observed in 1982, 1987, 1993, 2015, 

and 2026, with 2026 being one of the most extreme wet periods in the dataset. 

 

Figure 50.4: The 9-month Standardized Precipitation Index (SPI) at OULED ALI (1981-

2040)  

Figure (50.4) shows several significant short-term meteorological drought episodes identified 

through the SPI 9-month timescale analysis at Ouled Ali. Key drought events include the 
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severe August 1989 drought, with an SPI value of -3.07, which was the most extreme in the 

dataset, followed by the notable December 1998 drought with an SPI of -1.92, and the intense 

July 2006 drought with an SPI of -2.56. Other significant droughts occurred in November 

2011 (-2.11 SPI) and October 2025 (-1.30 SPI), the latter notable for its prolonged dryness. 

The analysis indicates a higher frequency of wet periods (25%) than dry periods (20%) over 

the 59 years, with the most severe droughts occurring in 1989 and 2006. These droughts 

highlight the variability in precipitation and the importance of monitoring long-term drought 

conditions for water resource management. The wettest periods were recorded in 1982, 1987, 

1993, 2015, and 2026, with 2026 being one of the most extreme wet periods. 

 

Figure 51.4: The 12-month Standardized Precipitation Index (SPI) at OULED ALI (1981-

2040) 

Table 14.4: Analyzing Meteorological Drought Patterns in OULED ALI Using a 12-Month 

SPI Timescale (1981ï2040)   

Onset Termination 

Duration(D) 

Months Severity (S) Intensity(I) 

May-86 Oct-86 6 -7.24 -1.21 

Mar-89 Sep-90 19 -38.53 -2.03 

Jan-92 Apr-92 4 -4.39 -1.10 

Sep-92 Oct-92 2 -2.29 -1.15 

Nov-98 Oct-99 12 -14.80 -1.23 

Mar-00 Apr-00 2 -2.11 -1.05 

Dec-05 Dec-06 13 -28.04 -2.16 
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Apr-08 Sep-08 6 -8.49 -1.41 

Dec-11 Jan-12 2 -2.33 -1.16 

Jun-13 Sep-13 4 -4.15 -1.04 

Jan-18 Oct-18 10 -13.93 -1.39 

Jan-20 Mar-20 3 -3.11 -1.04 

Dec-25 Apr-26 5 -6.18 -1.24 

Jan-28 Feb-28 2 -2.60 -1.30 

Aug-28 Oct-28 3 -3.51 -1.17 

Nov-31 Dec31 2 -3.11 -1.55 

Nov-35 Jan-36 3 -3.27 -1.09 

Frb-38 Oct-38 9 -14.01 -1.56 

 

The analysis in Table (14.4) details meteorological drought patterns at the Ouled Ali (1981ï

2040) and reveals several significant drought events, demonstrating both short-term and 

long-term dry periods that have impacted the region. Notable among the most severe 

droughts is the 19-month drought from March 1989 to September 1990, with a severity of -

38.53 and an intensity of -2.03, making it one of the most intense droughts in the dataset. 

Other major droughts include a 13-month drought from December 2005 to December 2006, 

with a severity of -28.04 and an intensity of -2.16, and a 12-month drought from November 

1998 to October 1999, with a severity of -14.80 and an intensity of -1.23. In addition to these 

more extended events, several shorter droughts, such as those in 1986, 1992, and 2013, were 

recorded, with durations ranging from 2 to 6 months and severity values between -2.11 and 

-8.49. These recurrent droughts, particularly in the 1980s, 1990s, and 2000s, emphasize the 

region's vulnerability to brief and prolonged dry spells. The findings highlight the importance 

of developing robust drought management strategies, improving early warning systems, and 

promoting sustainable water and agricultural resource management to mitigate the impact of 

frequent and intense droughts in Ouled Ali. These drought patterns underscore the need for 

long-term planning and proactive measures to safeguard the region's agricultural and water 

resources. 
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Figure 52.4: The 1-month Standardized Precipitation Index (SPI) at PONT D9 (1981-2040)  

Figure (52.4) illustrates significant short-term meteorological drought episodes identified 

through the 1-month SPI analysis at Pont D9 between 1981 and 2040. Notable droughts 

include the severe events of May 1989 (SPI = -2.34), December 1991 (SPI = -3.24), and 

October 1998 (SPI = -3.64), with the latter being the most extreme. Other significant droughts 

occurred in May 1983, February 2005, September 2011, and June 2025, highlighting their 

intensity and prolonged dryness. The 1-month SPI analysis reveals that wet periods occurred 

more frequently (25%) than dry periods (20%) over the 59 years. However, severe droughts, 

especially in 1991 and 1998, underscore the variability in precipitation patterns, emphasizing 

the need for monitoring short-term drought conditions for effective water resource 

management. The wettest periods were observed in 1982, 1987, 1993, 2015, and 2020, with 

2020 being particularly extreme. 

 

Figure 53.4: The 3-month Standardized Precipitation Index (SPI) at PONT D9 (1981-2040)  

Figure (53.4) presents significant short-term meteorological drought episodes identified 

through the 3-month SPI analysis at Pont D9 between 1981 and 2040. Notable droughts 
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include the severe events of February 1989 (SPI = -2.17), November 1998 (SPI = -2.93), and 

March 2006 (SPI = -2.34), with the most extreme drought occurring in November 1998. 

Other significant droughts occurred in May 2011 (SPI = -2.51) and March 2025 (SPI = -

1.28), highlighting their intensity and duration. The 3-month SPI analysis reveals that wet 

periods occurred more frequently (25%) than dry periods (20%) over the 59 years. However, 

severe droughts, particularly in 1998 and 1989, illustrate the variability in precipitation 

patterns and emphasize the importance of monitoring short-term drought conditions for 

effective water resource management. The wettest periods were recorded in 1982, 1987, 

1993, 2015, and 2026, with 2026 being one of the most extreme wet periods in the dataset. 

 

Figure 54.4: The 6-month Standardized Precipitation Index (SPI) at PONT D9 (1981-2040)  

Figure (54.4) highlights significant short-term meteorological drought episodes identified 

through the 6-month SPI analysis at Pont D9 from 1981 to 2040. Severe droughts occurred 

in May 1989 (SPI = -2.82), November 1998 (SPI = -2.77), and April 2006 (SPI = -2.75), with 

the most extreme drought occurring in May 1989. Other notable droughts were observed in 

August 2011 (SPI = -1.72) and June 2025 (SPI = -1.67), both marked by prolonged dryness. 

The 6-month SPI analysis shows that wet periods were more frequent (25%) than dry periods 

(20%) over the 59 years, but the most severe droughts in 1989 and 1998 emphasize the 

variability of precipitation patterns. These events underline the importance of monitoring 

short-term drought conditions for effective water resource management. The wettest periods 

occurred in 1982, 1987, 1993, 2015, and 2026, with 2026 being one of the most extreme wet 

periods in the dataset. 
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Figure 55.4: The 9-month Standardized Precipitation Index (SPI) at PONT D9 (1981-2040)  

Figure (55.4) illustrates significant long-term meteorological drought episodes identified 

through the 9-month SPI analysis at Pont D9 from 1981 to 2040. Severe droughts occurred 

in August 1989 (SPI = -2.81), December 1998 (SPI = -1.83), and July 2006 (SPI = -2.73), 

with the most intense drought being in August 1989. Other notable droughts were observed 

in November 2011 (SPI = -2.25) and September 2025 (SPI = -1.41), marked by prolonged 

dryness. The analysis reveals a higher frequency of wet periods (30%) than dry periods (25%) 

over the 59 years. Despite more wet periods, the severe droughts in 1989 and 2006 highlight 

the significant variability in precipitation patterns. These findings emphasize the importance 

of monitoring long-term drought conditions for effective water resource management. The 

wettest periods were recorded in 1982, 1987, 1993, 2015, and 2026, with 2026 as one of the 

most extreme wet periods in the dataset. 

 

Figure 56.4: The 12-month Standardized Precipitation Index (SPI) at PONT D9 (1981-

2040)  
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Table 15.4: Analyzing Meteorological Drought Patterns in PONT D9 Using a 12-Month 

SPI Timescale (1981ï2040)   

Onset Termination 

Duration(D) 

Months Severity (S) Intensity(I) 

Apr-86 Oct-86 7 -8.67 -1.24 

Mar-89 Nov-90 21 -40.54 -1.93 

Jan-92 Apr-92 4 -4.91 -1.23 

Sep-92 Nov-92 3 -3.53 -1.18 

Mar-99 Sep-99 7 -8.12 -1.16 

Mar-00 Apr-00 2 -2.17 -1.08 

Dec-05 Dec-06 13 -30.14 -2.32 

Apr-08 Oct-08 7 -9.93 -1.42 

Dec-11 Jan-12 2 -2.50 -1.25 

Jun-13 Oct-13 5 -5.38 -1.08 

Jan-18 Oct-18 10 -13.24 -1.32 

Feb-20 Mar-20 2 -2.05 -1.03 

Dec-25 Apr-26 5 -6.23 -1.25 

Jan-28 Feb-28 2 -2.50 -1.25 

Aug-28 Oct-28 3 -3.35 -1.12 

Nov-31 Dec-31 2 -3.18 -1.59 

Feb-38 Oct-38 9 -13.54 -1.50 

 

The analysis in Table (15.4) details meteorological drought patterns at the Pont D9 (1981ï

2040) and reveals several notable drought events, demonstrating both extended dry periods 

and recurring shorter droughts. The most severe droughts include a 21-month drought from 

March 1989 to November 1990, with a severity of -40.54 and an intensity of -1.93, which 

stands out as one of the most intense droughts in the dataset. Another significant event was a 

13-month drought from December 2005 to December 2006, with a severity of -30.14 and an 

intensity of -2.32, and a 7-month drought from April 1986 to October 1986, with a severity 

of -8.67 and an intensity of -1.24. In addition to these long-term droughts, several shorter 

droughts occurred, including a 2-month drought in March 2000 and others in 1992, 2011, 

and 2013, with severity values ranging from -2.05 to -2.50. Though not as extreme, these 

shorter droughts highlight the region's vulnerability to recurrent dry spells. The cyclical 
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nature of droughts, particularly in the late 1980s, 1990s, 2000s, and 2010s, underscores the 

need for proactive drought management and water resource planning. The findings 

emphasize the importance of preparing for short-term and prolonged drought conditions to 

ensure the sustainability of the region's agriculture and water resources. The repeated 

droughts with varying durations and severities signal the need for robust early warning 

systems and sustainable water management strategies to mitigate the impact of these frequent 

dry spells. 

 

Figure 57.4: The 1-month Standardized Precipitation Index (SPI) at BARAKI (1981-2040)  

Figure (57.4) highlights several significant short-term meteorological droughts at Baraki, 

identified through the 1-month SPI analysis from 1981 to 2040. The most severe drought 

occurred in October 1998, with an SPI value of -2.99, followed by a notable drought in May 

1989 (SPI = -2.15). Other significant droughts were observed in October 2006 (SPI = -1.44), 

September 2011 (SPI = -1.64), and June 2025 (SPI = -1.81). The analysis reveals that wet 

periods occurred 25% of the time, while dry periods accounted for 20%. The severity of 

droughts in 1998 and 1989 highlights the variability in precipitation patterns over the 59 

years, emphasizing the importance of monitoring short-term drought conditions for effective 

water resource management. Wet periods were notably observed in 1982, 1987, 1993, 2015, 

and 2026, with 2026 as one of the most extreme wet periods in the dataset. 
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Figure 58.4: The 3-month Standardized Precipitation Index (SPI) at BARAKI (1981-2040)  

Figure (58.4) presents several significant medium-term meteorological droughts at Baraki, 

identified through the 3-month SPI analysis from 1981 to 2040. The most severe drought 

occurred in November 1998, with an SPI value of -2.84, followed by another extreme drought 

in February 1989 (SPI = -2.52). Other notable droughts were observed in March 2006 (SPI 

= -2.23), May 2011 (SPI = -2.48), and August 2025 (SPI = -1.52). The 3-month SPI analysis 

reveals a frequency of wet periods (30%) compared to dry periods (25%) over the 59 years, 

indicating notable fluctuations in precipitation. These significant drought events emphasize 

the importance of monitoring medium-term drought conditions for efficient water resource 

management. The wettest periods occurred in 1982, 1987, 1993, 2015, and 2026, with 2026 

being one of the most extreme wet periods in the dataset. 

 

Figure 59.4: The 6-month Standardized Precipitation Index (SPI) at BARAKI (1981-2040) 

Figure (59.4) highlights several significant longer-term meteorological droughts at Baraki, 

identified through the 6-month SPI analysis from 1981 to 2040. The most severe drought 

occurred in May 1989, with an SPI value of -3.14, followed by another extreme drought in 
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November 1998 (SPI = -2.74). Other notable droughts took place in April 2006 (SPI = -2.54), 

August 2011 (SPI = -1.45), and June 2025 (SPI = -1.52). The 6-month SPI analysis reveals 

that wet periods (35%) outnumber dry periods (20%) over the 59 years, indicating significant 

variability in precipitation. These severe drought events underscore the importance of 

monitoring mid-term drought conditions for effective water resource management. The 

wettest periods were observed in 1982, 1987, 1993, 2015, and 2026, with 2026 being one of 

the most extreme wet periods in the dataset. 

 

Figure 60.4: The 9-month Standardized Precipitation Index (SPI) at BARAKI (1981-2040)  

Figure (60.4) shows several significant extended meteorological droughts at Baraki identified 

through the 9-month SPI analysis between 1981 and 2040. The most severe drought occurred 

in August 1989, with an SPI value of -3.04, followed by notable droughts in December 1998 

(SPI = -2.02), July 2006 (SPI = -2.54), November 2011 (SPI = -2.05), and December 2025 

(SPI = -1.41). The 9-month SPI analysis reveals that wet periods (30%) outnumber dry 

periods (20%) over the 59 years, but significant droughts, particularly in 1989 and 2006, 

demonstrate considerable variability in precipitation patterns. These findings highlight the 

importance of monitoring extended drought conditions for effective water resource 

management. The wettest periods occurred in 1982, 1987, 1993, 2015, and 2026, with 2026 

being one of the most extreme wet periods in the dataset. 
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Figure 61.4: The 12-month Standardized Precipitation Index (SPI) at BARAKI (1981-

2040)  

Table 16.4: Analyzing Meteorological Drought Patterns in BARAKI  Using a 12-Month SPI 

Timescale (1981ï2040)   

Onset Termination 

Duration(D) 

Months Severity (S) Intensity(I) 

May-86 Oct-86 6 -6.93 -1.16 

Mar-89 Sep-90 19 -37.30 -1.96 

Sep-92 Oct-92 2 -2.26 -1.13 

Nov-98 Oct-99 12 -15.98 -1.33 

Mar-00 Apr-00 2 -2.08 -1.04 

Dec-05 Dec-06 13 -27.58 -2.12 

Apr-08 Sep-08 6 -8.29 -1.38 

Nov-11 Jan-12 3 -3.33 -1.11 

Jan-18 Oct-18 10 -13.96 -1.40 

Jan-20 Mar-20 3 -3.21 -1.07 

Dec-25 Apr-26 5 -5.70 -1.14 

Jan-28 Feb-28 2 -2.45 -1.23 

Aug-28 Oct-28 3 -3.67 -1.22 

Nov-31 Dec-31 2 -3.05 -1.53 

Feb-38 Oct-38 9 -14.12 -1.57 
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The analysis in Table (16.4) details meteorological drought patterns at the Baraki (1981ï

2040) and reveals many drought events, with both short-term and long-term dry spells 

observed. The most severe drought occurred from March 1989 to September 1990, lasting 

19 months, with an extreme severity of -37.30 and an intensity of -1.96. Another major 

drought event was the 13-month drought from December 2005 to December 2006, with a 

severity of -27.58 and an intensity of -2.12, highlighting the region's vulnerability to 

prolonged dry periods. Shorter droughts, such as the 2-month droughts in 1992 and 2000, 

along with others in the 2000s and 2010s, had severity values between -2.08 and -2.45, 

indicating recurring dry spells. While not as intense, these short-term droughts still 

considerably impact water availability and agricultural productivity. The cyclical nature of 

droughts, especially in the late 1980s, 1990s, and 2010s, underscores the need for ongoing 

drought monitoring and management strategies. The analysis demonstrates the importance 

of preparing for short- and long-term drought events to safeguard water resources and ensure 

regional agricultural resilience. 

 

Figure 62.4: The 1-month Standardized Precipitation Index (SPI) at MOUZAIA (1981-

2040)  

Figure (62.4) highlights several significant short-term meteorological drought episodes at 

Mouzaia identified through the 1-month SPI analysis from 1981 to 2040. The most severe 

drought occurred in May 1989, with an SPI value of -2.05, followed by notable droughts in 

February 2005 (SPI = -1.99), March 2011 (SPI = -1.93), and June 2025 (SPI = -2.07). The 1-

month SPI analysis reveals that wet periods (25%) outnumber dry periods (20%) over the 59 

years. However, extreme droughts, particularly in 1989 and 2005, underscore the significant 

variability in precipitation patterns. These findings emphasize the importance of monitoring 

short-term drought conditions for effective water resource management. The wettest periods 
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occurred in 1982, 1987, 1993, 2015, and 2026, with 2026 being one of the most extreme wet 

periods in the dataset. 

 

Figure 63.4: The 3-month Standardized Precipitation Index (SPI) at MOUZAIA (1981-

2040)  

Figure (63.4) presents several significant short-term meteorological droughts at Mouzaia 

identified through the 3-month SPI analysis from 1981 to 2040. The most severe drought 

occurred in February 1989, with an SPI value of -2.81, followed by notable droughts in May 

2011 (SPI = -2.52) and March 2005 (SPI = -1.81). The 3-month SPI analysis reveals a greater 

frequency of wet periods (25%) than dry periods (20%) over the 59 years. Despite this, 

extreme droughts in 1989 and 2011 highlight significant variability in precipitation patterns. 

These findings emphasize the importance of monitoring short-term drought conditions for 

effective water resource management. The wettest periods were observed in 1982, 1987, 

1993, 2015, and 2026, with 2026 being one of the most extreme wet periods in the dataset. 

 

Figure 64.4: The 6-month Standardized Precipitation Index (SPI) at MOUZAIA (1981-

2040)  
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Figure (64.4) highlights significant medium-term meteorological drought episodes at 

Mouzaia identified through the 6-month SPI analysis. The most severe drought occurred in 

May 1989, with an SPI value of -3.32, followed by notable droughts in April 2006 (SPI = -

2.55) and August 2011 (SPI = -1.34). The 6-month SPI analysis reveals that wet periods 

(25%) occurred more frequently than dry periods (20%) over the 59 years. Despite this, 

extreme drought events in 1989 and 2006 underline the variability in precipitation patterns, 

emphasizing the need for monitoring medium-term drought conditions for effective water 

resource management. The wettest periods were observed in 1982, 1987, 1993, 2015, and 

2026, with 2026 being one of the most extreme wet periods in the dataset. 

 

Figure 65.4: The 9-month Standardized Precipitation Index (SPI) at MOUZAIA (1981-

2040)  

Figure (65.4) illustrates significant long-term meteorological drought episodes at Mouzaia 

based on the 9-month SPI analysis. The most severe drought occurred in August 1989, with 

an SPI value of -3.09, followed by notable droughts in July 2006 (SPI = -2.61) and October 

2011 (SPI = -1.64). The 9-month SPI analysis shows that wet periods (25%) were more 

frequent than dry periods (20%) over the 59 years. However, extreme droughts, particularly 

in 1989 and 2006, highlight the variability in precipitation patterns, emphasizing the need for 

monitoring long-term drought conditions for effective water resource management. The 

wettest periods were observed in 1982, 1987, 1993, 2015, and 2026, with 2026 being one of 

the most extreme wet periods in the dataset. 
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Figure 66.4: The 12-month Standardized Precipitation Index (SPI) at MOUZAIA (1981-

2040)  

 Table 17.4: Analyzing Meteorological Drought Patterns in MOUZAIA  Using a 12-Month 

SPI Timescale (1981ï2040)   

Onset Termination 

Duration(D) 

Months Severity (S) Intensity(I) 

Nov-83 Dec-83 2 -2.31 -1.15 

May-86 Oct-86 6 -6.76 -1.13 

May-88 Aug-88 4 -4.28 -1.07 

Feb-89 Nov-90 22 -39.12 -1.78 

Oct-98 Oct-99 13 -16.96 -1.30 

Dec-05 Dec-06 13 -28.39 -2.18 

May-08 Sep-08 5 -6.76 -1.35 

Jan-18 Oct-18 10 -12.93 -1.29 

Dec-25 Apr-26 5 -5.78 -1.16 

Jan-28 Feb-28 2 -2.53 -1.26 

Sep-28 Oct-28 2 -2.21 -1.10 

Nov-31 Dec-31 2 -3.30 -1.65 

Nov-35 Jan-36 3 -3.73 -1.24 

Feb-38 Oct-38 9 -15.29 -1.70 
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Table (17.4) analysis details meteorological drought patterns at the Mouzaia (1981ï2040) 

and highlights several significant drought events, including short-term and extended dry 

periods. Notably, the most severe drought occurred from February 1989 to November 1990, 

lasting 22 months, with an extreme severity of -39.12 and an intensity of -1.78, indicating a 

significant impact on the region. Other notable long-duration droughts include a 13-month 

drought from October 1998 to October 1999, with a severity of -16.96, and another 13-month 

drought from December 2005 to December 2006, which had a severity of -28.39 and intensity 

of -2.18, underscoring the potential for prolonged dry conditions to affect local water 

resources and agriculture. Shorter droughts, such as those in 1983, 1988, 2008, and more 

recently in the 2010s, exhibited moderate severity values ranging from -2.21 to -6.76, 

pointing to a recurring pattern of brief but impactful dry periods. These findings emphasize 

the cyclical nature of droughts in the region, with periodic dry spells occurring in the 1980s, 

1990s, 2000s, and 2010s. The analysis highlights the importance of monitoring short- and 

long-duration droughts to develop effective drought management strategies, ensuring the 

sustainable use of water resources and agricultural resilience. 

 

Figure 67.4: The 1-month Standardized Precipitation Index (SPI) at SOUMAA (1981-

2040)  

Figure (67.4) presents significant short-term meteorological drought episodes at Soumaa 

based on the 1-month SPI analysis. The most severe drought occurred in May 1989, with an 

SPI value of -2.15, followed by a notable drought in October 2006 (SPI = -1.44). The 1-

month SPI analysis reveals a higher frequency of wet periods (25%) than dry periods (20%) 

over the 59 years. Despite this, extreme drought events, particularly in 1989 and 2006, 

highlight the variability in precipitation patterns, emphasizing the need to monitor short-term 

drought conditions for better water resource management. The wettest periods occurred in 
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1982, 1987, 1993, 2015, and 2026, with 2026 being one of the most extreme wet periods in 

the dataset. 

 

 

Figure 68.4: The 3-month Standardized Precipitation Index (SPI) at SOUMAA (1981-

2040)  

Figure (68.4) presents key short-term meteorological drought episodes at Soumaa based on 

the 3-month SPI analysis. The most severe drought occurred in February 1989, with an SPI 

value of -2.53, followed by another significant drought in March 2006 (SPI = -2.24). The 3-

month SPI analysis reveals a higher frequency of wet periods (25%) than dry periods (20%) 

over the 59 years. Despite the prevalence of wet periods, extreme droughts in 1989 and 2006 

underscore the variability in precipitation patterns, emphasizing the need to monitor short-

term drought conditions for effective water resource management closely. The wettest 

periods were observed in 1982, 1987, 1993, 2015, and 2026, with 2026 being one of the most 

extreme wet periods in the dataset. 

 

Figure 69.4: The 6-month Standardized Precipitation Index (SPI) at SOUMAA (1981-

2040)  
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Figure (69.4) highlights significant mid-term meteorological droughts at Soumaa based on 

the 6-month SPI analysis. The most severe drought occurred in May 1989, with an SPI value 

of -3.08, followed by another intense drought in April 2006 (SPI = -2.57). The analysis shows 

that wet periods (25%) were more frequent than dry periods (20%) over the 59 years, though 

extreme droughts in 1989 and 2006 underscore the variability in precipitation. These drought 

events emphasize the importance of monitoring mid-term droughts for effective water 

resource management. The wettest periods were in 1982, 1987, 1993, 2015, and 2026, with 

2026 being one of the most extreme wet periods in the dataset. 

 

 

Figure 70.4: The 9-month Standardized Precipitation Index (SPI) at SOUMAA (1981-

2040)  

Figure (70.4) shows significant long-term meteorological droughts at Soumaa based on the 

9-month SPI analysis. The most severe drought occurred in August 1989, with an SPI value 

of -2.99, followed by another intense drought in July 2006 (SPI = -2.58). The analysis reveals 

that wet periods (25%) were more frequent than dry periods (20%) over the 59 years, yet 

extreme droughts in 1989 and 2006 highlight the variability in precipitation. These events 

emphasize the importance of monitoring long-term drought conditions for water resource 

management. The wettest periods were observed in 1982, 1987, 1993, 2015, and 2026, with 

2026 being one of the most extreme wet periods in the dataset. 
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Figure 71.4: The 12-month Standardized Precipitation Index (SPI) at SOUMAA (1981-

2040)  

Table 18.4:  Analyzing Meteorological Drought Patterns in SOUMAA Using a 12-Month 

SPI Timescale (1981ï2040)  

Onset Termination 

Duration (D) 

Months Severity (S) Intensity(I) 

Dec-83 Jan-84 2 -2.30 -1.15 

May-86 Oct-86 6 -6.94 -1.16 

Mar-89 Sep-90 19 -37.98 -2.00 

Jan-92 Apr-92 4 -4.27 -1.07 

Sep-92 Oct-92 2 -2.32 -1.16 

Nov-98 Oct-99 12 -14.50 -1.21 

Mar-00 Apr-00 2 -2.10 -1.05 

Dec-05 Dec-06 13 -28.47 -2.19 

Apr-08 Sep-08 6 -8.46 -1.41 

Dec-11 Jan-12 2 -2.38 -1.19 

Jun-13 Sep-13 4 -4.30 -1.07 

Jan-18 Oct-18 10 -13.97 -1.40 

Jan-20 Mar-20 3 -3.20 -1.07 

Dec-25 Apr-26 5 -6.01 -1.20 

Jan-28 Feb-28 2 -2.43 -1.22 
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Aug-28 Oct-28 3 -3.44 -1.15 

Nov-31 Dec-31 2 -3.16 -1.58 

Dec-35 Jan-36 2 -2.25 -1.12 

Feb-38 Oct-38 9 -14.01 -1.56 

 

The analysis in Table (18.4) details meteorological drought patterns at the Soumaa (1981ï

2040) and reveals both short-term and prolonged drought events with significant impacts on 

the region. A particularly severe drought occurred from March 1989 to September 1990, 

lasting 19 months, with an extreme severity of -37.98 and an intensity of -1.99, representing 

one of the most intense droughts in the dataset. Additionally, there were other noteworthy 

droughts, such as the 13-month drought from December 2005 to December 2006, with a 

severity of -28.47 and an intensity of -2.19, highlighting the region's vulnerability to extended 

dry periods. Shorter droughts, including those in 1983, 1992, 2000, and the 2010s, generally 

lasted between 2 to 6 months and showed severity values ranging from -2.10 to -6.94, 

suggesting recurring dry conditions that could affect water availability and agricultural 

productivity. These recurring drought events emphasize the cyclical nature of dryness in the 

region, with droughts spread across multiple decades, notably in the late 1980s, late 1990s, 

and the 2010s. The data underscores the importance of proactive drought management, 

including monitoring and developing strategies to cope with short- and long-term drought 

events and ensure sustainable water resources and agricultural stability. 

The analysis of meteorological drought patterns across multiple locations Meurad Barrage, 

Pont CW 7 Hadjout, Tipaza, Hamiz Barrage, Ouled Ali, Pont D9, Baraki, Soumaa, and 

Mouzaia using the 12-month SPI timescale (1981ï2040) reveals critical insights into the 

frequency, severity, and duration of drought events in the region. The results demonstrate a 

recurring pattern of short-term and prolonged droughts, with significant events such as the 

22-month drought in Meurad Barrage (1989ï1990) and the 19-month drought in Ouled Ali 

(1989ï1990) exhibiting extreme severity and intensity. These prolonged droughts and shorter 

but frequent dry spells highlight the region's vulnerability to water scarcity and its cascading 

impacts on agriculture, ecosystems, and water resources. The cyclical nature of droughts, 

particularly in the 1980s, 1990s, and 2000s, underscores the importance of understanding 

long-term drought dynamics to anticipate future risks and implement adaptive strategies. 

The 12-month SPI index proves to be a valuable tool for analyzing drought patterns, as it 

captures both short-term fluctuations and long-term trends in precipitation deficits. By 

examining the severity, duration, and intensity of droughts, this study identifies critical 
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periods of water stress, such as the 13-month drought in Pont D9 (2005ï2006) and the 10-

month drought in Hamiz Barrage (2018), which had significant implications for water 

resource management and agricultural productivity. The variability in drought characteristics 

across different locations further emphasizes the need for localized drought monitoring and 

management strategies. The findings highlight the importance of using the 12-month SPI 

index to assess drought risks, as it provides a comprehensive understanding of drought 

impacts over extended periods, enabling better planning and mitigation efforts. 

Overall, the analysis underscores the critical role of the 12-month SPI index in understanding 

meteorological drought patterns and their implications for water resource sustainability and 

agricultural resilience. The region's recurring and cyclical nature of droughts calls for 

proactive measures, including improved early warning systems, sustainable water 

management practices, and long-term drought preparedness strategies. By integrating SPI-

based drought monitoring into regional planning, policymakers and stakeholders can better 

address the challenges posed by both short-term and prolonged droughts, ensuring the 

resilience of communities and ecosystems in the face of changing climatic conditions. This 

study highlights the importance of continued research and monitoring to refine drought 

management strategies and mitigate the region's socio-economic and environmental impacts 

of droughts. 

4.5 Agricultural Drought Analysis  

Utilizing the 3-month and 6-month of aSPI reference periods for analyzing agricultural 

drought dynamics from 1981 to 2021 allows for a more comprehensive understanding of 

regional drought patterns. The 3-month period is particularly valuable for identifying early 

warning signs of drought, as it can capture short-term precipitation deficits that may signal 

the onset of agricultural stress before it becomes more severe. The 6-month period provides 

a broader view, revealing more persistent drought conditions that may have longer-lasting 

impacts on soil moisture, crop yields, and overall agricultural productivity. This extended 

period is crucial for understanding the potential long-term effects of drought on the region's 

agricultural systems and food security. By examining data over the 40 years, the analysis 

highlights short-term fluctuations and persistent drought patterns, offering insights into how 

prolonged dry spells can affect crop production and food availability and emphasizing the 

importance of adaptive management strategies for maintaining agricultural resilience in 

climate variability. 
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Figure 72.4: The 3-month Agriculture Standardized Precipitation Index (aSPI) at 

MEURAD BARRAGE (1981-2021) 

Figure (72.4) shows several periods when the aSPI values fall below -1.0, indicating 

moderate to severe drought conditions. The most severe drought episodes occurred around 

1987-1990, the early 2000s, and the mid-2010s, with aSPI values reaching below -2.0, 

indicating óExtreme drought' conditions. Other periods, such as the early 2000s, also 

experienced 'severe droughtô conditions, with aSPI values dipping below -1.5. 

 

 

Figure 73.4: The 6-month Agriculture Standardized Precipitation Index (aSPI) at 

MEURAD BARRAGE (1981-2021)  
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The 6-month aSPI Figure (73.4) reveals several notable drought episodes throughout the last 

few decades. The most intense droughts occurred in the late 1980s, early 2000s, and mid-

2010s, during which aSPI values fell below -2.0, signifying "Extreme drought" conditions. 

Other significant drought periods were observed in the early 1990s, late 1990s, and late 

2000s, where aSPI values reached the "Severe drought" category beneath -1.5. 

 

Figure 74.4: The 3-month Agriculture Standardized Precipitation Index (aSPI) at PONT 

CW 7 HADJOUT (1981-2021) 

The 3-month aSPI Figure (74.4) illustrates several notable drought occurrences over recent 

decades. The most intense droughts occurred in the late 1980s, early 2000s, and mid-2010s, 

when aSPI values fell below -2.0, signifying "Extreme drought" conditions. Significant 

drought phases include the early 1990s, late 1990s, and late 2000s, where aSPI values 

plummeted into the "Severe drought" bracket below -1.5. 
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Figure 75.4: The 6-month Agriculture Standardized Precipitation Index (aSPI) at PONT 

CW 7 HADJOUT (1981-2021) 

The 6-month aSPI figure (75.4) depicts several pronounced drought episodes over the past 

few decades. The most severe droughts occurred in the late 1980s, early 2000s, and mid-

2010s, with aSPI values dipping below -2.0, indicating 'Extreme drought' conditions. Other 

significant drought periods include the early 1990s, late 1990s, and late 2000s, with aSPI 

values reaching the 'Severe drought' range below -1.5. 

 

 

Figure 76.4: The 3-month Agriculture Standardized Precipitation Index (aSPI) at TIPAZA 

(1981-2021) 
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Figure (76.4) shows that the period from 1981 to the early 1990s was marked by significant 

drought conditions, particularly in the 1980s, with notable negative aSPI values observed 

during several months in 1985, 1986, and 1987, often falling between -2 and -3, indicating 

severe moisture shortages that likely adversely impacted agricultural output. In contrast, the 

years from 2010 to 2021 exhibit a more varied pattern, with alternating positive and negative 

aSPI values, reflecting both wet conditions and moderate droughts. This variability suggests 

increasingly erratic and unpredictable precipitation patterns, potentially linked to broader 

climate change effects. Notably, the period from 2018 to 2021 demonstrates a cycle of 

alternating drought and wet conditions, indicating a potentially more variable climate regime 

that could challenge agricultural productivity and planning. 

 

 

Figure 77.4: The 6-month Agriculture Standardized Precipitation Index (aSPI) at TIPAZA 

(1981-2021) 

Figure (77.4) reveals extreme drought periods in the initial years (1982ï1990), particularly 

during the late 1980s and early 1990s, with aSPI values frequently ranging from -1 to -3, 

indicating severe moisture shortages that likely had detrimental effects on agriculture, 

especially in rainfed systems. The most intense droughts occurred in 1988 and 1989, with 

values consistently below -1, highlighting prolonged dry spells that would have significantly 

impacted crop yields and necessitated advanced irrigation and water management strategies. 

In contrast, the period from 2000 to 2018 shows increased variability, with alternating wet 

and dry periods, particularly evident in the 2010s. For example, 2017ï2018 exhibited 

significant fluctuations, reflecting growing unpredictability in precipitation patterns, 
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potentially linked to broader global climate change. Negative aSPI values, typically between 

-0.5 and -3, signify water shortages that directly threaten crop production. In contrast, 

positive values indicate ample rainfall that, although beneficial for crop growth, can lead to 

flooding, waterlogging, and increased susceptibility to plant diseases, ultimately impairing 

crop quality and yield. This variability underscores agricultural systems' challenges in 

adapting to increasingly erratic weather conditions. 

 

 

Figure 78.4: The 3-month Agriculture Standardized Precipitation Index (aSPI) at HAMIZ 

BARRAGE (1981-2021) 

Figure (78.4) reveals multiple severe drought episodes from the early 1980s through the mid-

1990s, particularly during the late 1980s and early 1990s, with aSPI values consistently 

below -1 from March 1989 to March 1990 and several months dropping below -2, indicating 

significant moisture shortages that likely severely impacted rainfed agricultural production. 

Another notable drought occurred between 2000 and 2006, with values ranging from -0.5 to 

-1.5 and particularly severe conditions in 2005ï2006, where values reached -1.61 and -1.88, 

imposing substantial stress on agriculture, especially in regions with limited irrigation. From 

2000 to 2018, precipitation variability increased, marked by alternating wet and dry spells, 

reflecting growing unpredictability potentially linked to climate change. For example, the 

sharp decline to -1.24 in March 2016, followed by a recovery to positive values in 2017, 

highlights this instability, posing challenges for agricultural planning and risk management. 

Severely negative aSPI values, such as -1.88 in February 2006, indicate significant moisture 

deficits that could lead to crop failures, particularly in rainfed systems, necessitating 
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improved water management strategies like enhanced irrigation. Conversely, high positive 

aSPI values, such as 2.28 in November 2015, while beneficial for plant growth, can cause 

flooding, soil erosion, and other adverse effects, further complicating agricultural outcomes. 

 

Figure 79.4: The 6-month Agriculture Standardized Precipitation Index (aSPI) at HAMIZ 

BARRAGE (1981-2021) 

The 6-month aSPI figure (79.4) reveals significant fluctuations in precipitation patterns, 

characterized by alternating wet and dry phases, with negative values indicating drought and 

positive values reflecting wetter-than-normal conditions. The data highlights considerable 

monthly and seasonal variability, driven by global climate influences, suggesting that 

precipitation is seasonal and influenced by broader climatic trends. Notable drought periods, 

such as those in the late 1980s to early 1990s and the mid-2000s, were marked by severe 

moisture deficits, with values as low as -2.42 in October 1989 and -2.46 in April 2006, 

significantly impacting agricultural productivity, particularly in rainfed systems and regions 

with limited irrigation infrastructure. These dry spells were often followed by wetter 

intervals, such as the notably rainy years of 2015ï2016 and 2017ï2018. Since the early 

2000s, precipitation variability has increased, with frequent transitions between wet and dry 

conditions, exemplified by the sharp decline in early 2016 (reaching -2.09 in March) followed 

by recovery in 2017. This growing unpredictability, likely linked to broader climate changes, 

poses challenges for agriculture, as prolonged droughts strain farming systems, while 

extended wet periods can lead to soil erosion, waterlogging, and flooding, even when overall 

precipitation levels are favorable. 
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Figure 80.4: The 3-month Agriculture Standardized Precipitation Index (aSPI) at OULED 

ALI (1981-2021) 

Figure (80.4) shows that droughts of 1989ï1990 and 2005ï2006 were significant periods 

marked by extremely negative aSPI values, with February 1989 recording a severe drought 

at -2.27 and March 2006 reaching -2.03, indicating substantial moisture deficits. These 

prolonged dry spells likely caused crop failures, water shortages, and reduced agricultural 

productivity, particularly in rainfed areas with inadequate irrigation infrastructure. Since the 

2000s, there has been a noticeable rise in precipitation variability, exemplified by the sharp 

decline in March 2016 (-0.84) followed by a recovery in November 2016 (1.74), reflecting 

the increasing unpredictability of precipitation trends. This variability, potentially influenced 

by climate phenomena like El Niño and La Niña and the broader impacts of climate change, 

has led to frequent fluctuations between wet and dry periods. For instance, between 2015 and 

2017, aSPI values ranged from 2.24 in March 2015 to -2.20 in September 2017, highlighting 

the growing challenges of adapting to erratic weather patterns for agricultural planning and 

water resource management. 
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Figure 81.4: The 6-month Agriculture Standardized Precipitation Index (aSPI) at OULED 

ALI (1981-2021) 

Figure (81.4) shows that the most intense droughts were recorded in the late 1980s and early 

1990s, particularly in May 1989, reaching -2.87, and in December 1989, reaching -1.78, 

leading to prolonged moisture shortages that severely impacted agriculture. Another 

significant drought occurred in March 2006, reaching -2.27, and in January 2006, reaching -

1.46, particularly affecting areas with inadequate irrigation systems and threatening rainfed 

crop yields. Additional notable dry periods were observed in March 2000 and August 2003, 

when aSPI values dropped to harmful levels, indicating extended drought conditions. In 

recent years, precipitation variability has become more pronounced, particularly between 

2015 and 2017, characterized by alternating wet and dry phases. For example, March 2016 

recorded an aSPI of -0.84, followed by a recovery in subsequent months, with November 

2016 reaching an aSPI of 1.79, highlighting the growing unpredictability of precipitation 

patterns. The latter part of the 2010s continued to exhibit fluctuating conditions. November 

2017 showed an aSPI of -0.92, and December 2017, an aSPI of -1.20, underscoring the 

ongoing challenges of adapting to increasingly erratic weather conditions. 

-3.00
-2.50
-2.00
-1.50
-1.00
-0.50
0.00
0.50
1.00
1.50
2.00
2.50
3.00

aS
P

I V
al

ue
 

Year

6-month of aSPI



~ 113 ~ 
 

 

Figure 82.4: The 3-month Agriculture Standardized Precipitation Index (aSPI) at PONT D9 

(1981-2021) 

The aSPI figure (82.4) displays cyclical variations characterized by alternating periods of 

drought and wet conditions. For instance, the early 1980s experienced both positive and 

negative values, reflecting inconsistent moisture levels, while the late 1980s and early 1990s 

showed predominantly negative values, indicating extended drought periods. Notable 

extremes are evident in the data, particularly between 1988 and 1990, when severe drought 

conditions led to aSPI values dropping as low as -2.26 in February 1989. Conversely, the 

mid-1990s were marked by wetter conditions, with aSPI values peaking at 2.65 in August 

1997. In the last decade, the data indicates a mix of drought and wet conditions, featuring 

significant extremes such as aSPI value of -2.17 in September 2017, alongside a peak of 2.15 

in November 2015, which reflects very wet conditions. 
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Figure 83.4: The 6-month Agriculture Standardized Precipitation Index (aSPI) at PONT D9 

(1981-2021) 

The 6-month aSPI figure (83.4) analysis reveals periodic fluctuations characterized by 

alternating drought and wet conditions. Notably, the early 1980s exhibited a mix of positive 

and negative values, indicating variable moisture levels, while the late 1980s and early 1990s 

were marked by consistently negative values, suggesting prolonged drought periods. Several 

extreme events are evident in the data, particularly from 1988 to 1990, when severe drought 

conditions prevailed, with aSPI values plummeting to -2.88 in May 1989. In contrast, the 

mid-1990s experienced wet conditions, peaking at 2.62 in July 1987. Recent trends over the 

last decade reflect a combination of drought and wet conditions, with notable extremes such 

as a significant drought in August 2017, with an aSPI value of -1.56, alongside a peak value 

of 2.10 in November 2015, indicating very wet conditions. 
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Figure 84.4: The 3-month Agriculture Standardized Precipitation Index (aSPI) at BARAKI 

(1981-2021) 

The 3-month aSPI figure (84.4) analysis reveals cyclical fluctuations characterized by 

alternating periods of drought and wet conditions. Notably, the early 1980s exhibited a mix 

of positive and negative values, reflecting variable moisture levels, while the late 1980s and 

early 1990s were marked by predominantly negative values, indicating prolonged drought. 

Significant extreme events are evident, particularly from 1988 to 1990, when severe drought 

conditions led to aSPI values plummeting to -2.53 in February 1989. Conversely, the mid-

1990s experienced wetter conditions, with aSPI values peaking at 2.78 in September 1991. 

In the last decade, the data has shown a blend of drought and damp conditions, including 

notable extremes, such as a significant drought in September 2017 with an aSPI value of -

2.01 and a peak wet condition in November 2015 with a value of 2.21. 
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Figure 85.4: The 6-month Agriculture Standardized Precipitation Index (aSPI) at BARAKI 

(1981-2021) 

The 6-month aSPI figure (85.4) analysis reveals periodic fluctuations characterized by 

alternating drought and wet conditions. Notably, the early 1980s exhibited a mix of positive 

and negative values, indicating variable moisture levels, while the late 1980s and early 1990s 

were marked by consistently negative values, suggesting prolonged droughts. Severe extreme 

events were observed between 1988 and 1990, with aSPI values plummeting to -3.05 in May 

1989. Conversely, the mid-1990s saw wet conditions, peaking at 2.27 in June 1982 and 2.21 

in July 1987. In the last decade, the data has shown a blend of drought and damp conditions, 

including significant extremes such as an aSPI value of -1.48 in August 2017 and a peak of 

2.27 in November 2016, highlighting the variability in moisture conditions over time. 

 

Figure 86.4: The 3-month Agriculture Standardized Precipitation Index (aSPI) at MOUZAIA (1981-

2021) 
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The 3-month aSPI figure (86.4) demonstrates periodic fluctuations, alternating between 

drought and wet conditions. In the early 1980s, a mix of positive and negative values 

indicated variable moisture levels, while the late 1980s and early 1990s were characterized 

by consistently negative values, suggesting prolonged drought. Severe events are evident in 

the data, particularly from 1988 to 1990, when aSPI values plummeted to as low as -2.66 in 

November 1998, highlighting a significant drought. Conversely, the mid-1990s experienced 

wetter conditions, with aSPI values peaking at 2.66 in March 1982. In recent years, the data 

reveals a combination of drought and damp conditions, with notable extremes such as aSPI 

values of -2.17 in September 2017, indicating significant drought, and 2.15 in November 

2015, reflecting very moist conditions. 

 

 

Figure 87.4: The 6-month Agriculture Standardized Precipitation Index (aSPI) at 

MOUZAIA (1981-2021) 

The 6-month aSPI figure (87.4) analysis reveals regular fluctuations characterized by 

alternating periods of drought and wet conditions. Notably, the early 1980s exhibited a mix 

of positive and negative values, reflecting variable moisture levels, while the late 1980s and 

early 1990s were dominated by consistent negative values, indicating prolonged drought. 

Significant extreme events are evident, particularly from 1988 to 1990, when severe drought 

conditions led to aSPI values dropping to -2.81 in May 1989. In contrast, the mid-1990s 

experienced wetter conditions, with aSPI values peaking at 2.64 in July 1987. In the last 

decade, the data shows a combination of drought and wet spells, including notable extremes 
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such as an aSPI value of -1.55 in August 2017, indicating significant drought, and a peak 

value of 1.81 in November 2016, which suggests very wet conditions. 

 

 

Figure 88.4: The 3-month Agriculture Standardized Precipitation Index (aSPI) at SOUMAA 

(1981-2021) 

The 3-month aSPI figure (88.4) analysis reveals periodic fluctuations characterized by 

alternating drought and wet conditions. Notably, the early 1980s displayed a mix of positive 

and negative values, indicating variable moisture levels, while the late 1980s and early 1990s 

were marked by predominantly negative values, suggesting prolonged drought. Significant 

extreme events were evident, particularly from 1988 to 1990, when aSPI values plummeted 

to -2.27 in February 1989 due to severe drought. Conversely, the mid-1990s experienced wet 

conditions, with aSPI values peaking at 2.66 in March 1982. In recent years, the data indicates 

a blend of drought and damp conditions, with notable extremes such as a significant drought 

of -2.17 in September 2017 and a peak value of 2.15 in November 2015, reflecting very wet 

conditions. 
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Figure 89.4: The 6-month Agriculture Standardized Precipitation Index (aSPI) at SOUMAA 

(1981-2021) 

The 6-month aSPI figure (89.4) readings exhibit periodic variations, alternating between dry 

and wet spells, with the early 1980s showing both positive and negative values that reflect 

varying moisture levels. The late 1980s and early 1990s were characterized by more 

consistent negative readings, indicating extended drought periods. Notable extreme events 

are evident in the data, particularly from 1988 to 1990, when severe drought conditions led 

to aSPI values dropping as low as -2.81 in May 1989. In contrast, the mid-1990s experienced 

wetter conditions, peaking at 2.64 in July 1987. Over the past decade, the data has shown a 

mix of drought and wet phases, with some extreme readings; for instance, August 2017 

recorded a significant drought with an aSPI value of -1.55, while November 2016 saw a peak 

of 1.81, indicating very wet conditions. 

The most severe drought periods across the studied regions occurred from the late 1980s to 

early 1990s, the early 2000s, and the mid-2010s, with aSPI values often dropping below -

2.0, indicating extreme drought conditions. For instance, between 1987 and 1990, regions 

like MEURAD BARRAGE, TIPAZA, and HAMIZ BARRAGE experienced significant 

drought episodes. The early 2000s also saw similar impacts in areas such as OULED ALI 

and PONT CW 7 HADJOUT. The most recent severe droughts were noted between 2015 

and 2017, especially in TIPAZA and SOUMAA, where aSPI values fell to -2.0. 

Seasonal variability mainly affects short-cycle crops like vegetables requiring precise water 

management. In contrast, fruit trees with deeper root systems are more resilient to short-term 

droughts but suffer prolonged moisture deficits. 
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There is an increasing trend of precipitation variability, especially since 2000, with locations 

like MOUZAIA, SOUMAA, and BARAKI showing sharp fluctuations between wet and dry 

spells. The alternating conditions from 2015 to 2017 in OULED ALI and MOUZAIA 

highlight this growing unpredictability, posing additional challenges for agricultural systems. 

4.6 Trend Analysis for SPI  

In this section, we present the findings and discussion of the trend analysis conducted on the 

SPI-12 (Standardized Precipitation Index) drought index using the Mann-Kendall trend test. 

The analysis included SPI values for 1, 3, 6, and 12 months, but no significant trends were 

observed across the entire study period from 1981 to 2040 for any of these indices. As a 

result, the focus was primarily placed on the SPI-12, which is particularly useful for detecting 

and assessing long-term meteorological droughts that affect water resources and agriculture. 

This analysis aimed to identify any significant trends in drought conditions over the study 

period, emphasizing both temporal patterns and the intensity of drought occurrences. The 

SPI-12, which reflects 12 months, provides critical insights into long-term drought trends 

and is widely used in drought monitoring and analysis. The Mann-Kendall test, a non-

parametric statistical method, was employed to detect trends in the data without making 

assumptions about the underlying data distribution. The test's main parameter, the S statistic, 

and its variance were used to determine whether the trend was increasing or decreasing 

(Mann, H. B. 1945; Kendall, M. G. 1975). A significance level of 5% was adopted, and two 

hypotheses were proposed: the first hypothesis suggested that a trend exists if the P-value is 

more significant than the significance level (Ŭ), and the second hypothesis suggested the 

opposite. All calculations were performed using the statistical tool XL Stat. The analysis of 

drought periods for each site, based on SPI values, was carried out, and the trend was tested 

accordingly. 

4.6.1 Meurad Barrage 

The Meurad site is in the western part of the study area; the analysis of all SPIs yielded the 

same conclusion: no significant trend. Let us focus on SPI 12. it noted a balance between wet 

and dry months throughout the period, suggesting a form of hydrological stability, which can 

experience drought and wet conditions in sub-periods. 

Table 19.4: Meteorological drought frequency in the Meurad Barrage using SPI-12 

timescale (1981-2040) 
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Droughts Categories Number of Month Total Droughts Frequency % 

Extremely Wet 17 110 16 

Very wet 42 

Moderately Wet 51 

Normal Precipitation 475 475 68 

Moderately dry 73 112 16 

Very dry 26 

Extremely dry 13 

 

Table (19.4) delineates the prevalence of meteorological drought classifications in the 

Meurad Barrage, utilizing the SPI-12 timescale from 1981 to 2040. Precipitation was 

categorized as normal predominated, and 475 instances (68% of the total) were recorded, 

signifying stable environmental conditions for most of the timeframe. Conditions categorized 

as extremely wet and moderately dry were observed with equal frequency at 16% (17 and 73 

instances, respectively). In contrast, conditions classified as very wet (42 instances) and 

moderately wet (51 instances) were comparatively infrequent. Severe drought conditions 

(both arid and extremely dry) were uncommon, with 26 and 13 occurrences, respectively. 

This indicates that, although extreme wet and dry phenomena do transpire, their occurrence 

is infrequent relative to normal precipitation. In further detail, investigations led by McKee 

et al. (1993) regarding the Standardized Precipitation Index (SPI) reveal its effectiveness in 

assessing drought severity and frequency, consequently enriching the analysis of these 

hydrological issues. 

The study period was subdivided into two superposed periods of 40 years. The test results 

were presented in the following table to detect possible trends.  

Table 20.4: Meteorological drought Mann Kendell trend analysis in the Meurad Barrage 

using SPI-12 timescale in (1981-2024) and (2001-2040) 

1981-2024  2001-2040 

S 108.000  S -16.000 

Var(S) 0.000  Var(S) 0.000 

p-value  0.281  p-value  0.862 

Ŭ 0.05  Ŭ 0.05 

CV 0.250  CV 0.240 

     

 No trend   Stable 
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Table (20.4) presents the results of the Mann-Kendall trend test for two periods, 1981-2024 

and 2001-2040.  S statistic is positive, and the p-value (0.281) exceeds the significance level 

(Ŭ = 0.05), suggesting no statistically significant trend, thus concluding "No trend." In 

contrast, for 2001-2040, the S is -16, indicating a negligible negative trend, with a p-value of 

0.862, also not significant, leading to the conclusion of a "Stable" trend. The coefficient of 

variation (CV) values (0.250 and 0.240) is below 1, indicating low variability. These results 

suggest no significant trends in either period, with stable conditions prevailing. Studies like 

Mann (1945) and Kendall (1975) support the interpretation of such statistical tests in 

hydrological and climatological research. 

4.6.2 Pont CW 7 Hadjout: 

The site is not far from the first but situated at a low elevation compared to the first. The 

analysis of the drought periods is summarized below: 

Table 21.4: Meteorological drought frequency in the Pont CW 7 Hadjout using SPI-12 

timescale (1981-2040) 

Droughts Categories Number of Month Total Droughts Frequency % 

Extremely Wet 22 104 15 

Very wet 40 

Moderately Wet 42 

Normal Precipitation 469 469 67 

Moderately dry 93 124 18 

Very dry 17 

Extremely dry 14 

 

Table (21.4) summarizes the frequency of meteorological drought categories according to 

time-scale SPI-12 in the Hadjout region of Pont CW 7 Hadjout using 1981ï2040 data. 

Normal precipitation was by far the most common category, at 469 instances (67% of all), 

which shows a significant degree of stability within the data. There were 22 Extremely wet 

droughts (15% of all), and moderately dry ones picked up again at 93 spots (18%). Very wet 

(040) and moderate wet (042) occurred very much. Severe drought (extremely and very dry) 

was only experienced 17 times, 14 times for severe (or significantly) dry. This shows that 

although there are wet and dry extremes, they do not compare to the amount of normal 

precipitation. This agrees with works such as McKee et al. (1993), which outline the capacity 
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of SPI in quantifying drought events and severity to provide proper hydrological trend 

analysis. 

Table 22.4: Meteorological drought Mann Kendell trend analysis in the Pont CW 7 Hadjout 

using SPI-12 timescale in (1981-2024) and (2001-2040) 

1981-2024  2001-2040 

S 100.000  S 4.000 

p-value  0.319  p-value  0.972 

Ŭ 0.05  Ŭ 0.05 

CV 0.280  CV 0.26 

     

 No trend   No trend 

 

Table (22.4) presents the results of the Mann-Kendall trend analysis for meteorological 

drought in the Pont CW 7 Hadjout region using the SPI-12 timescale for 1981-2024 and 

2001-2040. For 1981-2024, the S statistic is positive, indicating a slight positive trend. Still, 

the p-value (0.319) is more significant than the significance level Ŭ= 0.05), suggesting the 

trend is not statistically significant, leading to the conclusion of "no trend." Similarly, for 

2001-2040, the S statistic is positive and low, indicating an almost negligible trend, with a p-

value of 0.972, which is also not statistically significant, resulting in "no trend." The 

coefficient of variation (CV) values (0.280 and 0.26) indicates moderate data variability. 

These results suggest no significant trends in drought conditions for either period, with stable 

conditions prevailing. This aligns with studies like Mann (1945) and Kendall (1975), which 

highlight the use of the Mann-Kendall test for detecting trends in hydrological and 

climatological data. 

4.6.3 Tipaza 

Tipaza is considered a coastal site; analyzing the drought index values, we observe the same 

equilibrium between dry and wet months. 

Table 23.4: Meteorological drought frequency in the Tipaza using SPI-12 timescale (1981-

2040) 

Droughts Categories Number of Month Total Droughts Frequency % 

Extremely Wet 18 120 17 

Very wet 47 

Moderately Wet 55 

Normal Precipitation 466 466 67 
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Moderately dry 71 111 16 

Very dry 24 

Extremely dry 16 

 

Table (23.4) presents an overview of meteorological drought categories in the Tipaza region, 

utilizing the SPI-12 timescale from 1981 to 2040. Normal precipitation emerged as the most 

prevalent category, recorded 466 times (67% of the total), reflecting mainly stable weather 

conditions. Extremely wet conditions were noted 18 times (17% of total droughts), while 

moderately dry conditions had a slightly higher occurrence of 71 instances (16%). Very wet 

and moderately wet conditions were observed less frequently, with 47 and 55 occurrences, 

respectively. Severe drought conditions, categorized as very dry and extremely dry, were 

uncommon, with 24 and 16 instances, respectively. This indicates that, although extreme wet 

and dry episodes occur, they are less frequent than normal precipitation. These findings align 

with research by McKee et al. (1993), highlighting the effectiveness of the SPI in classifying 

drought severity and frequency, thus offering a solid framework for assessing hydrological 

trends. 

Table 24.4: Meteorological drought Mann Kendell trend analysis in the Tipaza using SPI-

12 timescale in (1981-2024) and (2001-2040) 

1981-2024  2001-2040  
S 102.000  S 2.000 

Var(S) 0.000  Var(S) 0.000 

p-value 0.309  p-value  0.991 

Ŭ 0.05  Ŭ 0.05 

CV 0.280  CV 0.260 

  No trend     No trend 

 

Table (24.4) displays the outcomes of the Mann-Kendall trend analysis for meteorological 

drought in the Tipaza region, utilizing the SPI-12 timescale for 1981-2024 and 2001-2040. 

For the period 1981-2024, S is 102, indicating a slightly positive trend; however, the p-value 

(0.309) exceeds the significance level (Ŭ = 0.05), implying that the trend is not statistically 

significant, leading to the conclusion of "no trend." Likewise, for 2001-2040, S is 2, 

suggesting an almost negligible trend, with a p-value of 0.991, which is also not statistically 

significant, resulting in "no trend." The coefficient of variation (CV) values (0.280 and 0.260) 

reflect moderate variability in the data. These findings indicate no significant trends in 

drought conditions for either period, with stable conditions prevailing. This is consistent with 
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studies by Mann (1945) and Kendall (1975), which emphasize the application of the Mann-

Kendall test for identifying trends in hydrological and climatological data. 

4.6.4 Hamiz Barrage:  

The site is situated in the east part, which is considered rainier than the western part because 

the rainfall gradient is increasing from the west to the east in Algeria. There are more wet 

months than dry ones. 

Table 25.4: Meteorological drought frequency in the Hamiz Barrage using SPI-12 timescale 

(1981-2040) 

Droughts Categories Number of Month Total Droughts Frequency % 

Extremely Wet 15 123 18 

Very wet 43 

Moderately Wet 65 

Normal Precipitation 467 467 67 

Moderately dry 67 107 15 

Very dry 21 

Extremely dry 19 

 

Table (25.4) presents an overview of the frequency of meteorological drought categories in 

the Hamiz Barrage region based on the SPI-12 timescale from 1981 to 2040. Normal 

precipitation emerged as the most prevalent category, recorded 467 times (67% of the total), 

highlighting primarily stable conditions. Extremely wet conditions appeared 15 times (18% 

of the overall droughts), while moderately dry conditions were encountered slightly less 

often, with 67 occurrences (15%). On the other hand, very wet and moderately wet conditions 

were noted more frequently, at 43 and 65 instances, respectively. Severe drought situations 

(very dry and extremely dry) were comparatively uncommon, with 21 and 19 occurrences, 

respectively. This indicates that, although extreme wet and dry events take place, they are 

rare compared to normal precipitation. These findings align with research conducted by 

McKee et al. (1993), which underscores the effectiveness of the SPI in classifying drought 

severity and frequency, thereby offering a solid framework for evaluating hydrological 

trends. 
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Table 26.4: Meteorological drought Mann Kendell trend analysis in the Hamiz Barrage 

using SPI-12 timescale in (1981-2024) and (2001-2040) 

(1981-2024)   (2001-2040) 

S 64.000  S 36.000 

Var(S) 0.000  Var(S) 0.000 

p-value  0.526  p-value  0.685 

Ŭ 0.05  Ŭ 0.05 

CV 0.27  CV 0.26 

  No trend     No trend 

 

Table (26.4) displays the findings of the Mann-Kendall trend analysis related to 

meteorological drought in the Hamiz Barrage area, utilizing the SPI-12 timescale across two 

timeframes: 1981-2024 and 2001-2040. For 1981-2024, the S statistics stand at 64, signifying 

a minimal positive trend. However, the p-value (0.526) exceeds the significance threshold (Ŭ 

= 0.05), implying that the trend lacks statistical significance and leads to the inference of "no 

trend." Likewise, for the timeframe 2001-2040, S is 36, reflecting an even less substantial 

positive trend, accompanied by a p-value of 0.685, which is also statistically insignificant, 

concluding once again with "no trend." These outcomes indicate no noteworthy trends in 

drought conditions for either interval, suggesting stable conditions. This finding is consistent 

with earlier studies by Mann (1945) and Kendall (1975), which emphasize the applicability 

of the Mann-Kendall test for identifying trends in hydrological and climatological data. 

4.6.5 Ouled Ali  

For the site of Ouled Ali, we observed the same wet and dry months as the previous site. 

Table 27.4: Meteorological drought frequency in the Ouled Ali using SPI-12 timescale 

(1981-2040) 

Droughts Categories Number of Month Total Droughts Frequency % 

Extremely Wet 12 124 18 

Very wet 53 

Moderately Wet 59 

Normal Precipitation 470 470 67 

Moderately dry 61 103 15 

Very dry 24 

Extremely dry 18 
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Table (27.4) summarizes the frequency of meteorological drought categories in the Ouled 

Ali region using the SPI-12 timescale from 1981 to 2040. Normal precipitation was the most 

frequent category, occurring 470 times (67% of the total), indicating predominantly stable 

conditions. Extremely wet conditions occurred 12 times (18% of total droughts), while 

moderately dry conditions were slightly less frequent at 61 occurrences (15%). Very wet and 

moderately wet conditions were more common, with 53 and 59 instances, respectively. 

Severe drought conditions (arid) were relatively rare, with 24 and 18 occurrences, 

respectively. This suggests that while extreme wet and dry events occur, they are infrequent 

compared to normal precipitation. The results are consistent with studies like McKee et al. 

(1993), which emphasize the utility of the SPI in categorizing drought severity and frequency, 

providing a robust framework for analyzing hydrological trends. 

Table 28.4: Meteorological drought Mann Kendell trend analysis in the Ouled Ali using 

SPI-12 timescale in (1981-2024) and (2001-2040) 

1981-2024     2001-2040   

S 64.000  S 22.000 

Var(S) 0.000  Var(S) 0.000 

p-value  0.526  p-value  0.808 

Ŭ 0.05  Ŭ 0.05 

CV 0.280  CV 0.270 

       

  No trend     No trend 

 

Table (28.4) presents the results of the Mann-Kendall trend analysis for meteorological 

drought in the Ouled Ali region using the SPI-12 timescale for 1981-2024 and 2001-2040. 

For 1981-2024, the S coefficient is 64, indicating a very slight positive trend. However, the 

p-value (0.526) is more significant than the significance level (Ŭ = 0.05), suggesting the trend 

is not statistically significant, leading to the conclusion of "no trend." Similarly, for 2001-

2040, S is 22, indicating an even weaker positive trend, with a p-value of 0.808, which is also 

not statistically significant, resulting in "no trend." The coefficient of variation (CV) values 

(0.280 and 0.270) indicates moderate data variability. These results suggest no significant 

trends in drought conditions for either period, with stable conditions prevailing. This aligns 

with studies like Mann (1945) and Kendall (1975), which highlight the use of the Mann-

Kendall test for detecting trends in hydrological and climatological data. 
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4.6.6 Pont D9: 

The same trend was observed for the previous site, with some wet months greater than dry 

ones.  

Table 29.4: Meteorological drought frequency in the Pont D9 using SPI-12 timescale 

(1981-2040) 

Droughts Categories Number of Month Total Droughts Frequency % 

Extremely Wet 13 124 18 

Very wet 45 

Moderately Wet 66 

Normal Precipitation 465 465 67 

Moderately dry 68 108 15 

Very dry 21 

Extremely dry 19 

 

Table (29.4) summarizes the frequency of meteorological drought categories in the Pont D9 

region using the SPI-12 timescale from 1981 to 2040. Normal precipitation was the most 

frequent category, occurring 465 times (67% of the total), indicating predominantly stable 

conditions. Extremely wet conditions occurred 13 times (18% of total droughts), while 

moderately dry conditions were slightly less frequent at 68 occurrences (15%). Very wet and 

moderately wet conditions were more common, with 45 and 66 instances, respectively. 

Severe drought conditions (arid) were relatively rare, with 21 and 19 occurrences, 

respectively. This suggests that while extreme wet and dry events occur, they are infrequent 

compared to normal precipitation. The results are consistent with studies like McKee et al. 

(1993), which emphasize the utility of the SPI in categorizing drought severity and frequency, 

providing a robust framework for analyzing hydrological trends. 

Table 30.4: Meteorological drought Mann Kendell trend analysis in the Pont D9 using SPI-

12 timescale in (1981-2024) and (2001-2040) 

1981-2024   2001-2040 

S 66.000  S 24.000 

Var(S) 0.000  Var(S) 0.000 

p-value  0.513  p-value  0.790 

Ŭ 0.05  Ŭ 0.05 

CV 0.270  CV 0.280 
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  No trend     No trend 

 

Table (30.4) presents the results of the Mann-Kendall trend analysis for meteorological 

drought in the Pont D9 region using the SPI-12 timescale for 1981-2024 and 2001-2040. For 

1981-2024, the S coefficient is 66, indicating a very slight positive trend. However, the p-

value (0.513) is more significant than the significance level (Ŭ = 0.05), suggesting the trend 

is not statistically significant, leading to the conclusion of "no trend." Similarly, for 2001-

2040, the S is 24, indicating an even weaker positive trend, with a p-value of 0.790, which is 

also not statistically significant, resulting in "no trend." The coefficient of variation (CV) 

values (0.270 and 0.280) indicates moderate data variability. These results suggest no 

significant trends in drought conditions for either period, with stable conditions prevailing. 

This aligns with studies like Mann (1945) and Kendall (1975), which highlight the use of the 

Mann-Kendall test for detecting trends in hydrological and climatological data. 

4.6.7 Baraki 

It always had the same behavior as the previous sites, with a prevalence of wet months 

compared to dry ones. 

Table 31.4: Meteorological drought frequency in the Baraki using SPI-12 timescale (1981-

2040) 

Droughts Categories Number of Month Total Droughts Frequency % 

Extremely Wet 13 127 18 

Very wet 52 

Moderately Wet 62 

Normal Precipitation 476 476 68 

Moderately dry 52 94 14 

Very dry 25 

Extremely dry 17 

 

Table (31.4) summarizes the frequency of meteorological drought categories in the Baraki 

region using the SPI-12 timescale from 1981 to 2040. Normal precipitation was the most 

frequent category, occurring 476 times (68% of the total), indicating predominantly stable 

conditions. Extremely wet conditions occurred 13 times (18% of total droughts), while 
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moderately dry conditions were slightly less frequent at 52 occurrences (14%). Very wet and 

moderately wet conditions were more common, with 52 and 62 instances, respectively. 

Severe drought conditions (arid) were relatively rare, with 25 and 17 occurrences, 

respectively. This suggests that while extreme wet and dry events occur, they are infrequent 

compared to normal precipitation. The results are consistent with studies like McKee et al. 

(1993), which emphasize the utility of the SPI in categorizing drought severity and frequency, 

providing a robust framework for analyzing hydrological trends. 

Table 32.4: Meteorological drought Mann Kendell trend analysis in the Baraki using SPI-

12 timescale in (1981-2024) and (2001-2040) 

1981-2024     2001-2040 

S 48.000  S 32.000 

Var(S) 0.000  Var(S) 0.000 

p-value  0.637  p-value  0.720 

Ŭ 0.05  Ŭ 0.05 

CV 0.27  CV 0.26 

     

  No trend     No trend 

 

Table (32.4) presents the results of the Mann-Kendall trend analysis for meteorological 

drought in the Baraki region using the SPI-12 timescale for 1981-2024 and 2001-2040. For 

1981-2024, the S coefficient is 48, indicating a very slight positive trend. Still, the p-value 

(0.637) is more significant than the significance level (Ŭ = 0.05), suggesting the trend is not 

statistically significant, leading to the conclusion of "no trend." Similarly, for 2001-2040, S 

is 32, indicating an even weaker positive trend, with a p-value of 0.720, which is also not 

statistically significant, resulting in "no trend." These results suggest no significant trends in 

drought conditions for either period, with stable conditions prevailing. This aligns with 

studies like Mann (1945) and Kendall (1975), which highlight the use of the Mann-Kendall 

test for detecting trends in hydrological and climatological data. 

4.6.8 Mouzaia 

Mouzaia is a significant site in the central part of the Mitidja plain; it can be considered an 

indicator site. This one follows the same behavior as the last sites. 

Table 33.4: Meteorological drought frequency in the Mouzaia using SPI-12 timescale 

(1981-2040) 
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Droughts Categories Number of Month Total Droughts Frequency % 

Extremely Wet 18 118 17 

Very wet 47 

Moderately Wet 53 

Normal Precipitation 471 471 68 

Moderately dry 67 108 15 

Very dry 24 

Extremely dry 17 

 

Table (33.4) summarizes the frequency of meteorological drought categories in the Mouzaia 

region using the SPI-12 timescale from 1981 to 2040. Normal precipitation was the most 

frequent category, occurring 471 times (68% of the total), indicating predominantly stable 

conditions. Extremely wet conditions occurred 18 times (17% of total droughts), while 

moderately dry conditions were slightly less frequent at 67 occurrences (15%). Very wet and 

moderately wet conditions were more common, with 47 and 53 instances, respectively. 

Severe drought conditions (arid) were relatively rare, with 24 and 17 occurrences, 

respectively. This suggests that while extreme wet and dry events occur, they are infrequent 

compared to normal precipitation. The results are consistent with studies like McKee et al. 

(1993), which emphasize the utility of the SPI in categorizing drought severity and frequency, 

providing a robust framework for analyzing hydrological trends. 

Table 34.4: Meteorological drought Mann Kendell trend analysis in the Mouzaia using SPI-

12 timescale in (1981-2024) and (2001-2040) 

1981-2024   2001-2040 

S 82  S 4.000 

Var(S) 0  Var(S) 0.000 

p-value  0.415  p-value  0.972 

Ŭ 0.05  Ŭ 0.05 

CV 0.27  CV 0.260 

       

  No trend     No trend 

 

Table (34.4) presents the results of the Mann-Kendall trend analysis for meteorological 

drought in the Mouzaia region using the SPI-12 timescale for 1981-2024 and 2001-2040. For 

1981-2024, the S coefficient is 82, indicating a slight positive trend. Still, the p-value (0.415) 

is more significant than the significance level (Ŭ = 0.05), suggesting the trend is not 
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statistically significant, leading to the conclusion of "no trend." Similarly, for 2001-2040, the 

S is 4, indicating an almost negligible trend, with a p-value of 0.972, which is also not 

statistically significant, resulting in "no trend." The coefficient of variation (CV) values (0.27 

and 0.260) indicate moderate variability in the data. These results suggest no significant 

trends in drought conditions for either period, with stable conditions prevailing. This aligns 

with studies like Mann (1945) and Kendall (1975), which highlight the use of the Mann-

Kendall test for detecting trends in hydrological and climatological data. 

4.6.9 Soumaa 

This site is situated in the south-central part of the study zone; the Blidean Atlas mounts 

influence it.  

Table 35.4: Meteorological drought frequency in the Soumaa using SPI-12 timescale (1981-

2040) 

Droughts Categories Number of Month Total Droughts Frequency % 

Extremely Wet 14 105 18 

Very wet 51 

Moderately Wet 60 

Normal Precipitation 469 469 67 

Moderately dry 61 103 15 

Very dry 24 

Extremely dry 18 

Table (35.4) summarizes the frequency of meteorological drought categories in the Soumaa 

region using the SPI-12 timescale from 1981 to 2040. Normal precipitation was the most 

frequent category, occurring 469 times (67% of the total), indicating predominantly stable 

conditions. Extremely wet conditions occurred 14 times (18% of total droughts), while 

moderately dry conditions were slightly less frequent at 61 occurrences (15%). Very wet and 

moderately wet conditions were more common, with 51 and 60 instances, respectively. 

Severe drought conditions (arid) were relatively rare, with 24 and 18 occurrences, 

respectively. This suggests that while extreme wet and dry events occur, they are infrequent 

compared to normal precipitation. The results are consistent with studies like McKee et al. 

(1993), which emphasize the utility of the SPI in categorizing drought severity and frequency, 

providing a robust framework for analyzing hydrological trends. 
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Table 36.4: Meteorological drought Mann Kendell trend analysis in the Soumaa using SPI-

12 timescale in (1981-2024) and (2001-2040) 

1981-2024   2001-2040 

S 66.000  S 30.000 

Var(S) 0.000  Var(S) 0.000 

p-value  0.513  p-value  0.737 

Ŭ 0.05  Ŭ 0.05 

CV 0.280  CV 0.270 

       

  No trend     No trend 

 

Table (36.4) presents the results of the Mann-Kendall trend analysis for meteorological 

drought in the Soumaa region using the SPI-12 timescale for 1981-2024 and 2001-2040. For 

1981-2024, the S coefficient is 66, indicating a slight positive trend. However, the p-value 

(0.513) is more significant than the significance level (Ŭ = 0.05), suggesting the trend is not 

statistically significant, leading to the conclusion of "no trend." Similarly, for 2001-2040, the 

S is 30, indicating an even weaker positive trend, with a p-value of 0.737, which is also not 

statistically significant, resulting in "no trend." The coefficient of variation (CV) values 

(0.280 and 0.270) indicate moderate variability in the data. These results suggest no 

significant trends in drought conditions for either period, with stable conditions prevailing. 

This aligns with studies like Mann (1945) and Kendall (1975), which highlight the use of the 

Mann-Kendall test for detecting trends in hydrological and climatological data. 

Table 37.4: Meteorological drought Mann Kendell trend analysis in the Mitidja Plain using 

SPI-12 timescale in (1981-2024) and (2001-2040) 

1981-2024 

  

2001-2040 

  
Site S P value Ŭ Trend Site S P value Ŭ Trend 

Meurad 

Barrage 

108 0.281 0.05 No 

trend 

Meurad -16 0.86 0.05 stable 

Pont 

Cw7 

100 0.319 0.05 No 

trend 

Pont 

Cw7 

4 0.97 0.05 No 

trend 

Tipaza 102 0.309 0.05 No 

trend 

Tipaza 2 0.99 0.05 No 

trend 

Hamiz 

Barrage 

64 0.526 0.05 No 

trend 

Hamiz 36 0.685 0.05 No 

trend 

Ouled 

Ali  

64 0.526 0.05 No 

trend 

Ouled 

Ali  

22 0.81 0.05 No 

trend 

Pont D9 66 0.513 0.05 No 

trend 

Pont D9 24 0.79 0.05 No 

trend 

Baraki 48 0.637 0.05 No 

trend 

Baraki 32 0.72 0.05 No 

trend 
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Mouzaia 82 0.415 0.05 No 

trend 

Mouzaia 4 0.97 0.05 No 

trend 

Soumaa 66 0.513 0.05 No 

trend 

Soumaa 30 0.737 0.05 No 

trend 

The Mann-Kendall trend analysis results across various sites (Meurad Barrage, Pont Cw7, 

Tipaza, Hamiz Barrage, Ouled Ali, Pont D9, Baraki, Mouzaia, and Soumaa) for the periods 

1981-2024 and 2001-2040 consistently show ñno trendò in meteorological drought 

conditions. This is supported by p-values that exceed the significance level (Ŭ = 0.05) for 

both periods, indicating that the observed trends are not statistically significant. However, 

there is a noticeable decline in the S statistic, which assesses the strength and direction of 

trends, between the two periods (for example, from 108 to -16 for Meurad Barrage, 100 to 4 

for Pont Cw7, and 66 to 30 for Soumaa). This reduction in the S statistic may suggest a subtle 

shift towards decreasing trends in drought conditions, particularly in the later period (2001-

2040). This finding aligns with regional climate models, such as those presented by Zeroual 

et al. (2019), which forecast a decreasing trend in rainfall from 2000 to 2098. The declining 

S statistic, combined with the stable or no-trend conclusions, implies that while significant 

trends are not currently detectable, the region may be moving towards drier conditions in the 

long term. This highlights the necessity for ongoing monitoring and adaptive water resource 

management considering potential climatic changes. 

4.7 Trend Analysis of aSPI: 

The trend analysis of the Agricultural Standardized Precipitation Index (aSPI) focuses on 

assessing how agricultural drought conditions have evolved. Unlike the general Standardized 

Precipitation Index (SPI), which measures overall precipitation, the aSPI specifically 

examines the "effective precipitation," or the portion of rainfall available to crops and 

vegetation. This makes it a more relevant tool for understanding the direct impact of drought 

on agriculture. For the trend analysis, data from 1981 to 2021 were analyzed, focusing on 

aSPI values for 3, 6, and 12-month periods. By incorporating adequate precipitation, the aSPI 

provides a clearer picture of how changing rainfall patterns have influenced crop 

development and agricultural conditions over adequate time. 

Table 38.4: List of abbreviations  

Abbreviation Drought category 

EW Extremely Wet 

VW Very wet 

MW Moderately Wet 
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NP Normal Precipitation 

MD Moderately dry 

VD Very dry 

ED Extremely dry 

 

 

Figure 90.4: Agricultural drought frequency in the Meurad using aSPI3, aSPI6 and aSPI12 

timescale (1981-2021) 

The aSPI analysis at the Meurad site reveals significant hydrological trends across different 

timescales. Short-term conditions (aSPI-3) indicate moderate wetness, with 81 months 

(25.2%) of wet conditions, while long-term conditions (aSPI-12) show a higher incidence of 

extreme wet events (15 EW months, 4.7%), marking the most extreme wetness across all 

timescales. Normal precipitation is predominant, occurring in 321-338 months (66.5-70.1%), 

reflecting overall hydrological stability. Dry conditions are inversely related to timescale, 

with aSPI-3 experiencing the highest dry months (76, 23.6%), decreasing to 58 (18.0%) for 

aSPI-12. This suggests that frequent short-term droughts are often mitigated by wetter 

periods at annual scales. Notably, aSPI-12 has the highest number of extreme wet events and 

the fewest total dry months, indicating that prolonged wet spells can effectively reduce 

drought impacts over longer durations. In summary, wetness increases, drought frequency 

decreases with longer timescales, while normal precipitation remains dominant across all 

scales. 
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Figure 91.4: Agricultural drought frequency in the Pont CW7 using aSPI3, aSPI6 and 

aSPI12 timescale (1981-2021) 

The aSPI analysis across different timescales at the Pont CW7 site reveals distinct 

hydrological patterns. Short-term conditions (aSPI-3) show moderate wetness (82 wet 

months, 25.5%) balanced by frequent dry periods (77 months, 24.0%), including 26 arid 

months. The medium-term (aSPI-6) represents the wettest scenario (87 wet months, 27.1%), 

while the long-term (aSPI-12) features the most extreme wet events (20 months) but also 

persistent moderate drought conditions (51 months). Extreme dry months remain consistent 

(7-8 months) across all timescales, while normal precipitation dominates (66.4-69.8% of 

months). The data demonstrates a system where increasing timescales amplify wet extremes 

while reducing drought intensity, with aSPI-12 showing both the highest extreme wet 

frequency and lowest very dry occurrences, suggesting that prolonged wet periods effectively 

compensate for shorter dry spells at annual scales. 
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Figure 92.4: Agricultural drought frequency in the Tipaza using aSPI3, aSPI6 and aSPI12 

timescale (1981-2021) 

The aSPI analysis across multiple timescales reveals a consistent pattern of hydrological 

variability at the Tipaza site. Short-term conditions (aSPI-3) exhibit moderate wetness (86 

months, 26.8%) balanced by dry periods (78 months, 24.3%), with notable very dry 

occurrences (26 months). The medium-term (aSPI-6) shows increased wet conditions (91 

months, 28.3%) while maintaining similar dry frequency (77 months, 24.0%). Most 

significantly, the long-term scale (aSPI-12) demonstrates a distinct shift, with extreme wet 

events (13 months) nearly doubling the extreme dry occurrences (13 vs. 6 in SPI-3) and total 

dry months decreasing to 66 (20.6%). This pattern suggests that short-term droughts are 

frequent but are increasingly compensated by wetter conditions at longer timescales. Normal 

precipitation remains dominant across all scales (63.9-66.3% of months), indicating overall 

hydrological stability punctuated by alternating damp and dry episodes that become less 

severe at annual scales. 

 

Figure 93.4: Agricultural drought frequency in the Hamiz using aSPI3, aSPI6 and aSPI12 

timescale (1981-2021) 

The analysis of the aSPI across three timescales (aSPI-3, aSPI-6, and aSPI-12) reveals 

variability in wet and dry conditions at the Hamiz site. Wet conditions were observed for 87 

months (27.1%) at aSPI-3, 80 months (24.9%) at aSPI-6, and 93 months (29.0%) at aSPI-12, 

with the highest frequency at the annual scale. Dry conditions occurred for 77 months 

(24.0%) at aSPI-3, 83 months (25.9%) at aSPI-6, and 68 months (21.2%) at aSPI-12, with 

aSPI-6 showing the most frequent dry events. Extreme wet events were rare but peaked at 

aSPI-3, while arid events were most frequent at aSPI-12. Normal precipitation accounted for 
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about 48-49%, indicating overall hydrological stability despite fluctuations. Key findings 

include a wetter long-term trend at aSPI-12 and medium-term vulnerability at aSPI-6. Short-

term extremes tend to be wetter, while long-term extremes are drier, suggesting that longer 

wet periods compensate for droughts over time. 

 

Figure 94.4: Agricultural drought frequency in the Ouled Ali using aSPI3, aSPI6, and 

aSPI12 timescale (1981-2021) 

The aSPI analysis reveals distinct hydrological patterns at the Ouled Ali site across different 

timescales. Short-term conditions (aSPI-3) show moderate wetness (89 months, 27.7%), 

slightly exceeding dry periods (73 months, 22.7%), with normal precipitation dominating 

(316 months, 68.5%). The medium-term (aSPI-6) maintains a similar wet-dry balance (85 vs 

79 months) but shows increased very wet conditions (35 months). Most notably, the long-

term scale (aSPI-12) demonstrates a significant wetness predominance (90 wet months, 

28.0%) over dry conditions (68 months, 21.1%), featuring both the highest very wet 

frequency (41 months) and extreme dry occurrences (14 months). This pattern suggests that 

while short-term variability is balanced, annual scales reveal more pronounced wet 

conditions with occasional intense droughts. The consistent normal precipitation across all 

scales (311-316 months) indicates overall hydrological stability, with increasing wet 

extremes at longer timescales that partially compensate for drought severity. 
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Figure 95.4: Agricultural drought frequency in the Pont D9 using aSPI3, aSPI6 and aSPI12 

timescale (1981-2021) 

The multi-timescale aSPI analysis reveals a progressive shift in hydrological patterns at the 

Pont D9 site. While short-term conditions (aSPI-3) show near-equilibrium between wet (87 

months, 27.1%) and dry periods (76 months, 23.7%), longer timescales exhibit distinct 

trends. The annual scale (aSPI-12) demonstrates pronounced wetness (92 months, 28.7%) 

with the highest moderate wet frequency (58 months), contrasting with fewer arid months 

(12 vs 24 in aSPI-3). Extreme events follow opposing trajectories - extreme wet occurrences 

decrease from 11 (aSPI-3) to 8 months (aSPI-12), while extreme dry events double from 8 to 

16 months. This divergence suggests that while the system maintains overall water 

availability through sustained moderate wet conditions, it becomes increasingly vulnerable 

to severe droughts at annual scales, even as the frequency of arid months diminishes. Normal 

precipitation remains dominant (309-315 months, 64.3-65.6%) across all timescales, 

masking these underlying hydrological shifts that only emerge through multi-scale analysis. 
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Figure 96.4: Agricultural drought frequency in the Baraki using aSPI3, aSPI6 and aSPI12 

timescale (1981-2021) 

The analysis of aSPI at the Baraki site across different timescales (3, 6, and 12 months) 

reveals distinct hydrological patterns. In the short-term (aSPI-3), wet episodes accounted for 

27.4% (88 months) and dry periods for 23.7% (76 months), with normal precipitation 

occurring 48.9% of the time (314 months). In the medium-term (aSPI-6), wet conditions were 

slightly more frequent at 26.5% (85 months) compared to dry spells at 24.9% (80 months), 

with normal precipitation making up 48.6% (310 months). For the annual timescale (aSPI-

12), wet conditions increased to 29.6% (95 months), while dry spells were less frequent at 

20.6% (66 months). Overall, arid events were rare, ranging from 2.5% to 4.4%, while very 

wet and moderately wet conditions contributed significantly to the variability in wet-phase 

occurrences. Despite short-term fluctuations, this indicates a general tendency towards wetter 

long-term conditions, with no significant trend observed during the study period. 

 

 

Figure 97.4: Agricultural drought frequency in the Mouzaia using aSPI3, aSPI6 and aSPI12 

timescale (1981-2021) 

The multi-scale aSPI analysis reveals a distinct hydrological pattern where wet conditions 

intensify with longer timescales, while dry extremes show contrasting behavior. Annual data 

(aSPI-12) demonstrates the strongest wet signature with 11 extremely wet and 31 very wet 

months - the highest values across all scales - and a notable reduction in arid months (10 vs 

26 in aSPI-3). However, this wetting trend coexists with a concerning increase in extreme 

drought months (13 in aSPI-12 vs 7 in aSPI-3/6). While normal precipitation remains 
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dominant (63.8-66.5%), the emerging pattern suggests climate instability, where longer 

timescales simultaneously enhance both wet extremes and severe drought susceptibility. This 

paradoxical finding indicates that while annual water availability appears favorable overall, 

the system is experiencing amplified hydrological variability that manifests as more frequent 

extreme events at both ends of the moisture spectrum. 

 

 

Figure 98.4: Agricultural drought frequency in the Soumaa using aSPI3, aSPI6 and aSPI12 

timescale (1981-2021) 

The aSPI analysis reveals a clear transition from short-term variability to long-term wetness 

at the Soumaa site. While the total wet months remain consistent across timescales (88-91 

months), their composition shifts dramatically - aSPI-12 shows a doubling of very wet 

months (42 vs 22 in aSPI-3) alongside fewer moderate wet months. Dry conditions display 

an inverse pattern: though total dry months decrease from 76 (aSPI-3) to 65 (aSPI-12), 

extreme droughts intensify (15 ED months at aSPI-12 vs eight at aSPI-3). This hydrological 

transformation suggests that short-term fluctuations (3-6 months) present balanced wet-dry 

conditions. Still, annual scales reveal a system where intense wet periods coexist with severe, 

though less frequent, droughts. The predominance of normal precipitation (306-314 months) 

masks this underlying polarization toward hydrological extremes at longer timescales, 

indicating a climate pattern where water availability becomes simultaneously more abundant 

yet more volatile annually. 

The aSPI analysis across multiple sites highlights increasing climatic variability, particularly 

at longer timescales, consistent with observed Mediterranean climate change trends (Giorgi, 

2006; Lionello et al., 2014). While normal precipitation remains dominant (63-70% of 
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months), there is a growing occurrence of extreme wet events and severe droughts at the 

annual scale (aSPI-12), mirroring the "dry-gets-drier, wet-gets-wetter" paradigm observed in 

regional studies (Vicente-Serrano et al., 2014). Two key trends emerge: (1) a significant rise 

in extreme wet events (up to 20 months) and very wet conditions, and (2) an increase in 

extreme droughts (up to 16 months) despite a reduction in total dry months - a pattern recently 

termed "precipitation whiplash" (Markonis et al., 2021). 

These trends suggest that Mediterranean climate systems are becoming more volatile, where 

prolonged wet periods partially offset but do not eliminate drought risks (Tremblay et al., 

2020). Short-term analyses (aSPI-3/6) often fail to capture these shifts, as shown by similar 

underestimations in other Mediterranean basin studies (Iglesias et al., 2018). The increase in 

extreme droughts and reduced arid months point to more concentrated dry periods, aligning 

with an observed intensification of drought severity despite fewer drought months (Vicente-

Serrano et al., 2014). 

Table 39.4: Mann-Kendall test of aSPI 3,6 and 12 

Site Trend test  aSPI3 aSPI6 aSPI12 

Baraki  

S -2931,00 -787,00 7072,00 

p-value  0,40 0,82 0,04 

alpha 0,05 0,05 0,05 

CV -791,00 -4237,13 -8250,41 

Trend No trend No trend Increasing 

Hamiz 

S -3671,00 -791,00 6732,00 

p-value  0,29 0,82 0,05 

alpha 0,05 0,05 0,05 

CV -1486,62 -11147,93 13047,32 

Trend No trend No trend 
Probably 

increasing 

Meurad 

S -577,00 3961,00 13986,00 

p-value  0,87 0,25 < 0.0001 

alpha 0,05 0,05 0,05 

CV -1204,62 -3768,64 -5682,06 

Trend No trend No trend increasing 

CW7 

S -399,00 3413,00 13582,00 

p-value  0,91 0,32 < 0.0001 

alpha 0,05 0,05 0,05 

CV -694,99 -1274,63 -1057,74 

  No trend No trend increasing 

Mouzaia  

S -1215,00 2165,00 12086,00 

p-value  0,73 0,53 0,00 

alpha 0,05 0,05 0,05 

CV -688,39 -1630,22 -3696,64 
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Trend no trend no trend increasing 

Ouled Ali 

S -3485,00 -711,00 7700,00 

p-value  0,32 0,84 0,02 

alpha 0,05 0,05 0,05 

CV -1237,80 -6930,14 -22507,97 

Trend No trend No trend increasing 

Pont D9 

S -3689,00 -699,00 7022,00 

p-value  0,29 0,84 0,04 

alpha 0,05 0,05 0,05 

CV -1507,48 -9999,77 13587,24 

Trend No trend No trend Increasing 

Soumaa 

S -3149,00 -503,00 7942,00 

p-value  0,37 0,88 0,02 

alpha 0,05 0,05 0,05 

CV -1011,76 -4042,54 -13631,77 

Trend No trend No trend Increasing 

Tipaza 

S -963,00 2671,00 13400,00 

p-value  0,78 0,44 < 0.0001 

alpha 0,05 0,05 0,05 

CV -603,04 -1258,15 -2383,16 

Trend No trend No trend Increasing 

 

The observed increasing trend in the annual Standardized Precipitation Index (aSPI-12) can 

be attributed to enhanced adequate precipitation, which has positively influenced soil 

moisture conditions and agricultural productivity in the Mitidja Plain. This hydrological 

pattern correlates with documented improvements in crop yields, particularly for citrus fruits 

- the region's dominant agrarian product. Official agricultural statistics from the Algerian 

Ministry of Agriculture (2000-2020) report a significant increase in citrus production. This 

suggests a potential linkage between the long-term wetter conditions indicated by aSPI-12 

and improved agricultural output. These findings align with established geohydrological 

principles where sustained increases in adequate rainfall enhance soil water availability, 

creating favorable conditions for perennial crops like citrus. The temporal correspondence 

between the aSPI-12 trend and agricultural productivity metrics underscores the importance 

of long-term hydrological patterns in shaping regional agrarian outcomes. 
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Figure 99.4: Citrus crop yields (Direction of agriculture. Blida.2021) 

The observed significant increase in crop yields can be partially attributed to the upward 

trend in the Agricultural Standardized Precipitation Index (aSPI), which reflects improved 

precipitation conditions over time. However, this yield increase cannot be solely explained 

by precipitation patterns. Other factors, such as the adoption of advanced irrigation 

techniques and the modernization of agricultural practices after 2000, have likely played a 

crucial role in enhancing productivity. These technological and infrastructural improvements 

have contributed to more efficient water use and better management of agricultural resources, 

further supporting the observed growth in crop yields. 

4.8 Correlation between SPI and aSPI 

Correlation coefficients were calculated between SPI and aSPI 3,6 and 12; a strong 

correlation was found for all sites, as illustrated in the following table. 

Table 40.4: Correlation coefficient between SPI and aSPI, 3,6 and 12 months 

 
R SPI/aSPI 

Site 3 6 12 

Baraki  0,9915 0,9970 0,9998 

Hamiz 0,9918 0,9973 0,9998 

Meurad 0,7245 0,7586 0,7348 

CW7 0,9913 0,9979 0,9998 

Mouzaia  0,9910 0,9974 0,9996 

Ouled Ali 0,9917 0,9972 0,9997 

Pont D9 0,9918 0,9972 0,9998 
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Soumaa 0,9916 0,9971 0,9997 

Tipaza 0,9912 0,9973 0,9997 

 

A strong correlation between SPI and aSPI is evident, which can be explained by the 

significant influence of hydrological conditions, particularly rainfall, on agricultural drought. 

Since both indices are influenced by precipitation, any changes in rainfall trends can 

substantially impact soil moisture, crop yields, and overall agrarian conditions. As rainfall 

directly affects water availability for crops, fluctuations in precipitation patterns can lead to 

variations in agricultural productivity and drought severity, further highlighting the 

interconnectedness of hydrological conditions and farming outcomes. 

4.9 Mapping of Drought Events 

We analyzed the results and identified that the driest period occurred in November 1989 

across all sites, as indicated by both aSPI-12 and SPI-12. To further visualize this period, we 

employed the Kriging interpolation method to map the spatial distribution of the drought 

conditions. The resulting maps, which illustrate the extent and intensity of the drought during 

this time, are presented below. These maps provide valuable insights into the spatial 

variability of the drought and help understand its broader impact on the region. 
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Figure 100.4: SPI 12 Drought Condition Map in Mitidja Plain Nov 1989 
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Figure 101.4: aSPI 12 Drought Condition Map in Mitidja Plain Nov 1989 
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The figures reveal that the driest region in the Mitidja Plain is its central area, indicating that 

the drought (or wetness) gradient does not strictly follow the general westward decrease in 

rainfall observed across Algeria. Furthermore, it was observed that the Meurad Barrage site 

exhibits less sensitivity to drought compared to other sites, potentially due to its elevation of 

approximately 300 meters. This elevated position may also account for the weaker correlation 

between SPI-12 and aSPI-12 at this location. By regionalizing drought events, we can 

identify key factors influencing drought patterns in the region. These findings provide the 

basis for creating a sensitivity map that will enhance our understanding of the spatial 

variability of droughts and contribute to more targeted drought management strategies. 

4.10 Conclusion 

This chapter summarizes all the results obtained, starting with the bias correction of the 

CHIRPS data due to the lack of complete observed datasets. These data were used to estimate 

drought indices: SPI and aSPI. The results showed a globally symmetric pattern across all 

sites between dry and wet months. The trend analysis using the Mann-Kendall test did not 

reveal any significant trends for the past period (1981ï2024) or the future period until 2040 

for SPI. However, a substantial increase in aSPI was observed from 1981 to 2021, which 

considerably impacts crop yields, as seen in the case of citrus yields.  

Further in-depth analysis is needed for Meteorological and agricultural droughts by 

extending the time series analysis to include data before 1981. This would help identify 

breakpoints and utilize available climate forecasting models to project beyond 2040. The goal 

is to determine whether the detected increase in aSPI is statistically significant and to assess 

the possibility of identifying a trend in the SPI index.   
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Chapter 5 CONCLUSION AND RECOMMENDATION 

5.1 Conclusions 

This study employed a comprehensive drought assessment framework combining 

meteorological and agricultural approaches to evaluate drought dynamics in the Mitidja Plain 

from 1981 to 2040. The analysis utilized the Standardized Precipitation Index (SPI), 

Agricultural Standardized Precipitation Index (aSPI), and bias-corrected climate data to 

characterize drought patterns across multiple timescales, and that concluded in: 

¶ Balanced Hydrological Conditions: The analysis of SPI-12 showed a symmetrical 

distribution between wet and dry months, with no statistically significant trends 

detected in either historical (1981ï2024) or future (2001ï2040) periods, indicating 

relative climatic stability in meteorological drought patterns. 

¶ Increasing Agricultural Drought Resilience: The aSPI-12 exhibited a significant 

increasing trend, suggesting improved adequate precipitation and soil moisture 

conditions, positively influencing agricultural productivity, particularly in citrus 

cultivation. 

¶ Spatial Variability in Drought Sensitivity: Drought severity varied spatially, with the 

central Mitidja Plain identified as the most drought-prone area. At the same time, 

elevated regions like Meurad Barrage showed reduced sensitivity, likely due to 

orographic effects. 

¶ Impact of Modern Agricultural Practices: Despite periodic droughts, the rise in crop 

yields highlights the role of improved irrigation techniques and agricultural 

advancements in mitigating drought impacts. 

¶ Need for Extended Data Analysis: The absence of significant SPI trends may be due 

to limited temporal coverage; extending the analysis beyond 2040 with climate 

models could reveal long-term trends and breakpoints in drought patterns. 

¶ Strong Correlation Between SPI and aSPI: The high correlation between SPI and aSPI 

underscores the dominant influence of precipitation on agricultural drought, 

reinforcing the need for integrated drought monitoring systems. 
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5.2 Recommendations 

Based on the research findings and limitations of this study, the following recommendations 

are proposed for future research: 

¶ Enhanced Drought Monitoring Systems: Implement advanced early warning systems 

combining SPI and aSPI to improve drought forecasting and agricultural planning. 

¶ Sustainable Water Management: Promote efficient irrigation practices and water 

conservation strategies to mitigate drought impacts, particularly in the central Mitidja 

Plain. 

¶ Expansion of Climate Data: Extend drought trend analysis using longer historical 

datasets and future climate projections to understand long-term patterns better. 

¶ Agricultural Adaptation Strategies: Encourage drought-resistant crop varieties and 

precision farming techniques to enhance resilience against climatic variability. 

¶ Policy Interventions: Develop region-specific drought mitigation policies, focusing 

on water allocation and infrastructure improvements in high-risk areas. 

¶ Further Research: Investigate additional factors (e.g., temperature, 

evapotranspiration) influencing drought severity to refine predictive models and 

adaptation measures. 
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