
i 

 

Submitted to the 

Institute of Graduate Studies and Research 

in partial fulfillment of the requirements for the degree of  

Master of Science 

in 

Civil Engineering 

  

Rainfall Forecasts of Yemen Based on Statistical and 

Probabilistic Approaches 

 

Ammar Hameed S. Al-Jabobi 

Eastern Mediterranean University 

May 2021 

Gazimağusa, North Cyprus 



ii 

 

Approval of the Institute of Graduate Studies and Research 

Prof. Dr. Ali Hakan Ulusoy 

Director 

  

Prof. Dr. Umut Türker 

 Chair, Department of Civil Engineering 

 

Prof. Dr. Mustafa Ergil 

Supervisor 

I certify that this thesis satisfies all the requirements as a thesis for the degree of  

Master of Science in Civil Engineering. 

We certify that we have read this thesis and that in our opinion it is fully adequate in 

scope and quality as a thesis for the degree of Master of Science in Civil Engineering. 

Examining Committee 

1. Prof. Dr. Mustafa Ergil  

2. Prof. Dr. Umut Türker  

3. Asst. Prof. Dr. Bertuğ Akıntuğ  

 



iii 

 

ABSTRACT 

Since reliable rainfall data are not available for the Republic of Yemen, this study 

analyzed hypothetically generated monthly rainfall data from January 1981 to 

December 2018, using POWER, 2019 information. Therefore, for each 

geomorphological basin, 3 representative hypothetical station locations are proposed 

with the help of Theissen polygon approach. After determining the representative 

annual average rainfall datasets of four basins (Red Sea, Arab Sea, Gulf Aden and Rub 

'Al Khali), five independent parametric and non-parametric data quality tests for each 

basin; Homogeneity, Consistency, Normality, Trend and Stationarity Unit-root are 

applied. To predict rainfall data for the next 3 years, 27 different ARIMA models were 

proposed for each basin and tested through Akaike Information Criteria (AIC). Among 

them, the best 3 representative models for each basin were selected and determined by 

suggested weighted average (1, 2 and 3). For this reason, the annual average dataset of 

each basin from 1981 to 2008 (28) was used to train these models, and the remaining 

annual average dataset from 2009 to 2018 (10) was used to test these trained datasets. 

Then, among the three selected models of each basin, the most suitable model was 

selected and used to predict the annual rainfall data for 3 consecutive years (2019, 

2020 and 2021). These models are ARIMA (0,1,1) for the Red Sea Basin, ARIMA 

(0,1,1) for the Arab Sea Basin, ARIMA (2,1,2) for the Gulf Aden Basin, and ARIMA 

(0,1,2) for the Rub 'Al Khali Basin. 

As a part of this study, three different frequency distributions among the commonly 

used ones; Normal, log-normal and Pearson Type III (Gamma) were selected and the 
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most representative frequency distribution function for each basin was determined by 

selecting that distribution having the closest p value to 1.00. 

Also, based on Moving Averages with different time windows (2 to 9), the annual 

rainfall trend of each basin was determined. It has been determined that all basins 

showed a decreasing trend in the range of 1 - 2 mm/year. 

Similarly, annual average rainfall data sets for each basin were systematically analyzed 

for wetness or dryness periods, and all basins were interpreted to be under the influence 

of the dry spell. 

Keywords: rainfall, time-series models, trends, wet or dry spells, Yemen.   
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ÖZ 

Yemen Cumhuriyeti için güvenilir yağış verileri bulunmadığından, bu çalışma, 

POWER, 2019 bilgilerini kullanarak, Ocak 1981'den Aralık 2018'e kadar varsayımsal 

olarak oluşturulan aylık yağış verilerini analiz etmiştir. Bu nedenle, her jeomorfolojik 

havza için, Theissen poligon yaklaşımı yardımıyla 3 temsili varsayımsal istasyon 

konumu önerilmiştir. Dört havzanın (Red Sea, Arab Sea, Gulf Aden ve Rub ’Al Khali) 

temsili yıllık ortalama yağış veri setlerini belirledikten sonra, her havza için, beş 

bağımsız parametrik ve parametrik olmayan veri kalitesi testi; Homojenlik, Tutarlılık, 

Normallik, Trend ve Durağanlık Birim-kökü uygulanmıştır. Sonraki 3 yıllık yağış 

verilerini tahmin etmek için, her bir havza için 27 farklı ARIMA modeli önerilmiş ve 

Akaike Bilgi Kriterleri (AIC) aracılığıyla test edilmiştir. Bunların arasından da, her 

havza için en iyi 3 temsili model, önerilen ağırlıklı ortalama (1, 2 ve 3) kullanılarak  

belirlenmiştir. Bu nedenle, bu modelleri eğitmek için, her havzanın 1981'den 2008'e 

(28) yıllık ortalama veri setleri, geriye kalan 2009'dan 2018'e (10) yıllık ortalama veri 

setleri de, bu eğitilen veri setlerini test etmek için kullanılmıştır. Ardından da, her 

havzanın seçilen bu üç modeli arasından, en uygun olan model belirlenip, birbirini 

izleyen 3 yılın yıllık yağış verileri (2019, 2020 ve 2021) tahmin edilmiştir. Bu 

modeller, Red Sea Havzası için ARIMA (0,1,1), Arab Sea Havzası için ARIMA 

(0,1,1), Gulf Aden Havzası için ARIMA (2,1,2) ve Rub’ Al Khali Havzası için de 

ARIMA (0,1,2) dır. 

Bu çalışmanın bir parçası olarak, yaygın olarak kullanılan sıklık dağılım 

fonksiyonlarından üçü; Normal, log-normal ve Pearson Tip III (Gamma) seçilmiş ve 
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her havzayı en iyi temsil eden sıklık dağılım fonksiyonu için, p değeri 1.00 en yakın 

olan dağılım fonksiyonu seçilip belirlenmiştir. 

Ayrıca, farklı zaman aralıklarına (2 ila 9) sahip Hareketli Ortalamalara dayalı olarak, 

her havzanın yıllık yağış eğilimi belirlenmiştir. Tüm havzaların 1 - 2 mm/yıl aralığında 

azalma eğilimi gösterdiği tespit edilmiştir. 

Benzer şekilde, her havza için yıllık ortalama yağış veri setleri, ıslaklık veya kuruluk 

dönemleri için sistematik olarak analiz edilmiş ve tüm havzaların kuruluk dönemi 

etkisi altında olduğu yorumlanmıştır. 

Anahtar Kelimeler: yağış, zaman serisi modelleri, eğilimler, ıslaklık veya kuruluk 

dönemleri, Yemen.   
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Chapter 1 

INTRODUCTION 

1.1 General 

The hydro-climatological parameters are defined as the climatological factors that 

affect hydrology of the countries, among these parameters rainfall has the highest 

importance. Its amount should be measured accurately and has to be studied precisely. 

Although rainfall has a high positive effect on ecological sustainability of the living 

organisms, but can cause disasters like flooding or drying up of the existing reservoirs 

due to global warming. Predicting the rainfall of the following years, estimation of 

maximum and minimum rainfall amounts, spatial and temporal distribution of rainfall 

are the issues that always interest the engineers, planners, economists and other 

researchers. The amount of available water for estimating the water budget and 

scheduling demand pattern depending on precipitation and evaporation, the 

consumptive use of different crop patterns, the droughtiness are enforcing the 

researchers to carry out detailed studies of these hydro-climatological parameters. 

There is, therefore a need for more accurate climate model predictions that will provide 

meteorological information on national level and enable relevant climate change 

impact studies to assist adaptation strategies. 

Weather forecasting plays an important role in our daily life. Especially in engineering, 

it shows itself more significantly. Hence, estimating the daily, monthly, seasonally and 
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even the yearly amount of rainfall values for different locations may guide the 

researchers to some extent, for their future strategies. 

1.2 Thesis Overview 

In chapter 2, some relevant studies in literature was detailed. Chapter 3, elaborates the 

study area, the hypothetical rainfall stations and the gathered data details. Chapter 4, 

details the applied methodology of the used methods in this study, whereas in Chapter 

5 the results were presented and finally the conclusion is given in Chapter 6 based on 

the results and the findings of this study. 

 1.3 Objectives of This Study 

1. By applying the Thiessen polygon, the hypothetical representative rainfall 

stations locations for each basin of Yemen will be determined. 

2. Based on annual rainfall values, appropriate frequency equations will be 

determined for each basin of Yemen. 

3. Based on proper Autoregressive Integrated Moving Average (ARIMA) model, 

the coming 3 years annual average rainfall values will be forecasted for each 

basin of Yemen. 

4. Based on proper Moving Average (MA) with relevant time window, the yearly 

averaged rainfall dataset trend will be determined for each basin of Yemen. 

5. Based on long-years monthly values wet/dry periods patterns will be 

determined for each basin of Yemen. 
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Chapter 2 

LITERATURE REVIEW 

From the relevant literature, it has been noted that, there isn’t any study that has been 

conducted on rainfall trends and forecasts of Yemen as a whole. Majed, et al., (2019) 

studied Precipitation Analysis and Water Resources of Wadi Siham Basin (WSB), 

Yemen. In their study, they gathered the rainfall from 1979 to 2008 and statistically 

analyzed to assess the patterns of precipitation. They used Mann-Kendall and Sen 

slope analyses and concluded that, the annual precipitation at the Wallan and Al-Amir 

stations had substantial negative values (-4.72 mm/year and -6.11 mm/year 

respectively), while the Dhamar rainfall pattern was positive with 50.20 mm/year. The 

mean annual runoff was estimated to be 82.92 Mm3 or 23.94 per cent of the total annual 

rainfall in the WSB. The estimated runoff due precipitation was 4.85 per cent of the 

total rainfall, implying that the total deficit was 95.15 per cent.  

Whereas Al-Falahi, et al., (2020) studied first time, to measure and evaluate the 

accuracy of several regular precipitation devices against the measurements available 

from the highland area of Yemen. Al Mahwit governorate, using the most commonly 

known methodological approaches at various time frames, attempted to analyze the 

precipitation in order to resolve the data constraint and to identify the most reliable 

grid interval for hydrological, regional and local climate modellings. The Statistical 

Downscaling Model (SDSM), was applied to estimate the potential impacts of the 
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climate change on water supply and the implementation of adaptation measures for 

Yemen )Wilby, 2002(. 

Farquharson, et al., (1996) using a water balance analysis of the mountainous regions 

in arid and semi-arid areas of Yemen with a diverse variety of annual average rainfall 

details, study on the methodology of how to construct mathematical models for regular 

rainfalls and for rainfall-runoff relationships. Their suggested models were not only 

suitable for those circumstances but even for different geomorphologic cases. Gun et 

al., (1996) provided a clear overview of Yemen's water-resource conditions, consistent 

maps, charts, tables and comprehensive data about the water resources in Yemen.  

Nyatuame, et al., (2018) applied AutoRegressive Integrated Moving Average 

(ARIMA) models to analyze and then forecast, the annual rainfall and maximum 

temperature over Tordzie watershed in the Volta Region of Ghana. Autocorrelation 

function and partial autocorrelation function were used to identify the models by visual 

inspection. The selected models were evaluated and validated using the Akaike 

Information Criterion (AIC). For the diagnostic analyses of the models, they checked 

for independence, normality, homoscedascity, p-p and q-q plots of the residuals. The 

best ARIMA model for rainfall of Kpetoe and Tordzinu districts of the Volta Region 

of Ghana were obtained by comparing the smallest AIC values, 190.07 and 178.23 

respectively. The models efficiency was checked using the sum of the square error 

(SSE), the mean square error (MSE), the mean absolute percent error (MAPE) and the 

root mean square error (RMSE) measures respectively. The results of these analyses, 

they concluded that, the determined models were adequate and can guide the future 

water planning projections. 
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Shbary, et al., (2015) applied Box-Jenkins method for predicting long-term rainfalls 

of Sylhet station for Dhakka division of Bangladesh by establishing seasonal ARIMA 

models in their analyses, where the monthly rainfall data from 1980 to 2010 were used 

for training and validating the model. The predictive accuracy was verified by using 

the rainfall data from 1980 to 2006 for training and the data from 2007 to 2010 for 

validation. The projected monthly rainfall values were tested with real time-series as 

well as a second level validation.  

Daniel, et al., (2015) similarly used ARIMA Modeling for forecasting of rainfall in 

Warri Town, Nigeria. The main objective of this study was to find a Seasonal ARIMA 

model that can accurately predict rainfall in Warri town. They collected available data 

on monthly average rainfall for Warri town from the National Meteorology Center in 

Oshodi, Nigeria, where the data of years 2003-2012 period used for modeling data and 

2013 for prediction and validation of the data set. For at least one year, the identified 

Seasonal ARIMA (0,1,1) has proven to be satisfactory in forecasting that rainfall.   

Hayek, et al., (2016) carried out a comparative review of monthly stream flow volume 

reaching to Al-Aroos River in the Syrian coast, so as to forecast the oncoming 

volumes. They adopted Box-Jenkins model to test the time-series data because of its 

high precision. In their study, they used monthly water volumes of for 15 years and 

performed the necessary tests on model residues. Hence, they commented on the best 

model that describes the data, was Seasonal ARIMA (1,2,1).  In fact, they used the 

first 14 years data to establish the model and the remaining one year to validate it, 

based on the smallest weighted mean of the RMSE, MAP, MAE parameters. The best-

predicted model is was ARIMA (1,1,0). Yuchuan et al., (2019), applied Autoregressive 

Integrated Moving Average (ARIMA) model to forecast near-term regional 
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temperature and precipitation, and they conclude that the ARIMA-based forecasting 

model is a quick, easy-to-understand, and dependable method for predicting regional 

temperature and precipitation for the next 2–20 years, which can be used in a variety 

of engineering applications. The ARIMA-based statistical time-series forecasting 

model, in combination with techniques for estimating confidence intervals for return 

periods and simulating future daily temperature and precipitation, offers a new way to 

get near-term regional precipitation and temperature data that is crucial for civil and 

environmental engineering applications.  

Shiban, et al., (2019) worked on the Al-Hwaiz basin that is located eastern coast of the 

Mediterranean Sea at the northwestern corner of Syria. The rainfall data was gathered 

from three rain stations that cover the entire basin from 1959 to 2017. They applied 

ARIMA models and determined that ARIMA (1,1,3) model is a good representative 

of the data, and the ARIMA (2,1,0) model was the right model to forecast the future 

rainfall which was decreasing 6.13 mm per year during their study period.  

Surajit, et al., (2010) worked on a multivariate regression model to predict summer 

monsoon (June–August) rainfall in India, based on data relating to the period 1871–

1999. The trends and stability of the time-series have been examined through 

randomness and non-stationarity characters of these time-series. The suggested model 

was ARIMA (0,1,1). As a result, an autoregressive neural network (ARNN) model was 

applied. The neural network was having multilayer perceptron with detailed variable 

selection procedures. The non-linearity sigmoid was used when training the network. 

Finally, a three-three-one architecture of the ARNN model was obtained and, after a 

detailed statistical study, the superiority of ARNN was confirmed over ARIMA 

(0,1,1). 
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Moges, et al., (2020) studied on the stream flow predictions for the management of 

water supplies. Although there are several methods for predicting stream flows, they 

applied the process-based model (Soil and Water Assessment Tool-Variable Source 

Area Model-SWAT-VSA), the stochastic model (Artificial Neural Network-ANN), 

the Auto-Regressive Moving-Average (ARMA) model, and the Bayesian ensemble 

model. By using SWAT-VSA, ANN and ARMA, the stream flow data is projected 

from 1 to 8 days, according to quantitative precipitation prediction by the US National 

Weather Service. They determined that, SWAT-VSA and ANN models have improved 

forecasting of the total flow (Nash Sutcliffe Efficiency coefficient (NSE) (0.60 – 0.70) 

and the peak flow, but under-predicted low flows. During the forecast phase, the ANN 

had the highest predictive capacity (NSE 0.44 – 0.64), but all three models were under-

predicted the peak flows. For the forecast period of 01/01/2017 to 02/28/2018, the 

fitted ARIMA time-series model with the QPF forecast data as covariates was used to 

forecast stream flow for 1- to 8-days lead times. Eight time-series of forecast stream 

flow data were extracted and compared to observed stream flow data, one for each 

forecast day. 

Jan, et al., (2012) studied the daily forecasting of water demand that is an essential 

component of cost-effective and efficient maintenance and optimization of the urban 

water supply systems. In their study framework, they focused on the pairing of discrete 

wavelet transformations (WA) and artificial neural networks (ANNs) for urban water 

demand forecasting applications. They applied, multiple linear regression (MLR), 

multiple non-linear regression (MNLR), ARIMA, ANN and WA-ANN models for 

urban water demand forecasts of one-day lead times intervals of the summer months 

(May to August). Their relative performances were compared using the coefficient of 
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determination, the root mean square error, and the index efficiency. The main variables 

used to build and test the models were daily average precipitation, daily high 

temperatures and daily water demand data from 2001 to 2009 in Montreal, Canada. 

The MLR, MNLR, ARIMA, and ANN models have been found to deliver more precise 

urban demand predictions. The NumXL software program was used in their study to 

create ARIMA models for urban water demand forecasting. The autocorrelation 

function (ACF) was used to determine the stationarity of the input data series. The City 

of Montreal's urban water demand data series were detected to be non-stationary. The 

ARIMA models were trained using data from the training set (May 2001 to May 2008), 

then tested using data from the testing set (May 2008 to August 2009), and their 

goodness of fit was compared using the proper statistical measures. The model with 

the best forecasting performance among the numerous ARIMA models gave ARIMA 

(2,1,3) model to be the best fit. 
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Chapter 3 

STUDY AREA 

3.1 Yemen 

Yemen is located in the southwestern part of the Arabian Peninsula between the 

latitudes 12.40° to 19.00° North, and between the longitudes 42.30° to 53.05° East. 

The total area of Yemen is about 527,970 km2 with the exception of the Rub’ Al Khali. 

In addition, having a coastline of 2000 km long that is overlooking to the Red Sea, the 

outskirts of the Gulf of Aden and the Arabian Sea. The elevation of the highest peak 

is about 3760 m above the sea level, which is the summit of Prophet Shoaib Mountain, 

in fact, it is the highest summit of the Arabian Peninsula. Kingdom of Saudi Arabia is 

located at its north, while the Gulf of Aden and the Arabian Sea are located at its south. 

The Sultanate of Oman is situated at the east, while the Red Sea is at its west. The Bab 

Al-Mandeb strait, that controls the crossing within the strait, is at the southwest, and it 

divides the Mayon Island into two parts. The Socotra Island, is the largest Yemeni 

island located at the Indian Ocean. Its area is estimated to be 3650 km2 and is about 

510 km away from the coast of the Gulf of Aden. In addition, there are more than 112 

Yemeni islands scattered within the Arabian Sea and the Red Sea. 

3.2 Climate of Yemen 

The climate of Yemen is hot and humid in the coastal areas, moderate in the 

mountainous areas, and dry and hot in the eastern regions of the country: 

• West Coast: Temperature reaches up to 54° C in summers and 35° C in winters. 



10 

 

•   Southern Coast: Temperature reaches up to 37° C in summers and 25° C in 

winters. The amount of rain does not exceed 100 mm/year and does not exceed 

10 days in a year. 

• Highlands: It has a mild climate in most of the days of the year, it is hotter 

during the day time and colder at night, especially from October to February. 

The temperature reaches 5° C from November till January and it reaches up to 

25° C in July. 

• Average annual rainfall along the coastline and the desert is less than 50 mm, 

but its range is between 200 and 400 mm at hilly slopes and even more than 

1000 mm over the western slopes of the mountains. 

3.3 Population of Yemen 

Yemen, based on 2018 years estimate, has a population of about 28 million, of which 

46% under age 15 and 2.7% over age 65. The population was 4.3 million in 1950 and 

forecasted to be approximately 60 million in 2050 (World Prospects for Population, 

2018). 

3.4 Hydrology of Yemen 

3.4.1 Infiltration and Runoff Areas 

Van der Gun, 1996 identified the areas of infiltration and the areas due penetration of 

rainwater for Yemen so as to estimate the volume of escaped water to the sea. These 

specific areas are summarized as follows: 

1. the areas where there is a little rainfall with limited terrain, where the 

environmental activity is relatively low, and tending to infiltrate rainwater. For 

example, the plains of Sana'a are naturally allowing the escape of water, but in 

fact, the process of escaping rainwater does not occur except after very 

intensive rainfall.  
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2. those areas where it rains a lot and is subjected to major changes along its 

terrain due to environmental activities tend to create conditions that help for 

escaping the water. 

Despite this, the areas that create conditions for more water escape are found in the 

fast-flowing valleys, in which the water runs during the periods of very heavy rains, 

and even in these cases, the shallow flow enters and penetrates to the depths of the 

valley by feeding again (in principle) the groundwater system. 

3.4.2 Main Watershed Areas 

In Yemen, there are 78 huge watersheds, where most of the precipitation is in the form 

of rainfall. These watersheds can be grouped into 4 main drainage basins: the Red Sea 

Basin, the Arab Sea Basin, the Gulf Aden Basin and the Rub’ Al Khali Basin.  

3.4.2.1 The Red Sea Basin 

There are three main valleys in the Red Sea basin: Wadi Sardoud, Wadi Siham, and 

Wadi More. 

3.4.2.2 The Arab Sea Basin 

The Arab Sea basin is complicated, as it includes the low valleys of Ghaydah (Wadi 

Haqat, Wadi Tanhalin, Wadi Giza, Wadi Fawra, Wadi Idna, Wadi Hadramout al-

Kabir, and Wadi al-Jawf). Topographic conditions theoretically suggest that, the 

rainfall in the plains of these mountainous highlands near Sanaa, in fact drain water to 

the Arabian Sea, mainly by Wadi Masila.   

3.4.2.3 The Gulf Aden Basin 

There are seven main watersheds Hwaira, Hajar, Mayfa'a, Ahwar, Hassan, Bana and 

Thawban, in the Gulf Aden basin and their areas exceed 1000 km2, occupying the land 

from the east that is ending at the west. These valleys drain the rainfall that are coming 



12 

 

from the slopes of the southern mountainous highlands having the similar 

characteristics of those valleys that drain the rainfall to the Red Sea. These catchments 

in fact, receive the highest rainfall within the country, and as the distance between 

them and the sea is short and even the slopes are so severe towards the coastal plains, 

facilitating the process of drainage of the rainwater quicker than the Red Sea 

catchments. 

3.4.2.4 The Rub’ Al Khali Basin 

There are many bare valleys in the northern facing slopes of the mountainous 

highlands and plains at the eastern region. Among them, the most important ones are: 

•  Along Mountainous Highlands (from west to east), Wadi Najran, Atfan, Khub, 

Umrah and Ghamour.  

•   Along Eastern Plains (from west to east), Wadi Hadi, Iwat Asir, Mukhiar Al Khadra, 

Haradah, Qanab, Alwat, Harthouth, Ramah, Dehih Buwat, Ariah, Rakhoot, Mathan, 

and Wadi Sheehan. 

The flow of water in these sub-basins is scarce and in fact, the rainfall is assumed to 

be rapidly discharged to the sandy interior areas where the groundwater is believed to 

be fed. This is not certain and perhaps even this water may infiltrate to the Persian Gulf 

or may be evaporated s in the depressing and rising sunrise which needs further 

scientific study. 

3.5  Water Resources of Yemen 

3.5.1 Conventional Water Resources 

3.5.1.1 Rainfall 

The total annual rainfall on Yemen is estimated to be about 1,500 Mm3/year (Yehya 

et al., 2005), and the average annual rainfall of Yemen between the years 1985-1991 
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ranges from 50 mm in the Rub’ Al Khali Basin to more than 1000 mm at the mountains 

of the Red Sea Basin and the Arabian Sea Basin by Gun et al. (1996) as given in 

Fig.3.1. 

 
Figure 3. 1: Annual average rainfall of Yemen based on 1985 to 1991 (Gun, et al., 

1996) 
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3.5.1.2 Surface Water 

Yemen is divided into four main basins, each of which consists of a group of valleys 

and sub-surface water streams. Fig. 3.2 details these basins and the main water systems 

(Gun, et al., 1996). 

Figure 3. 2: Map of Yemen with four main basins and their main surface water 

systems (Gun, et al., 1996) 

Their amounts are estimated nearly to be 2.5 billion m3/year and their basin wise 

distribution is: 

1. The Red Sea Basin covering an area of 33,000 km2, with an average annual 

rainfall of 135 mm and a total annual flow of 741 million m3. 

2. The Gulf Aden Basin covering an area of 46,680 km2, with an average annual 

rainfall of 51 mm and a total annual flow of 535 million m3.  

3. The Rub’ Al Khali Basin covering an area of 90,900 km2, with an average 

annual rainfall of 28 mm and a total annual flow of 67 million m3.  

4. The Arab Sea Basin is composed of three main sub-basins: 
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i. Ramlat as Sabatayn: having an area of about 45,000 km2, of the average annual 

rainfall of 30 mm with an annual water volume of 40 million m3. 

ii. Wadi Hadhramaut/Al-Messila branch: having an area of about 46075 km2, of 

the average annual rainfall of 57 mm with an annual water volume of 18 million 

m3. 

iii. Al-Ghaydah sub-basin: having an area of about 115,375 km2, of the average 

annual rainfall of 58 mm with an annual water volume of 77 million m3. 

3.5.1.3 Groundwater 

The total stored water is estimated to be nearly 10,370 billion m3, of which 1,525 

million m3 is renewable water, (0.015% of the total groundwater). In Al-Mukalla (the 

area of the governorate) and Ramlet al-Sabaeen owns an estimate of 10 thousand 

billion cubic meters of water reserves, (96.4% of the total groundwater). Fig. 3.3, 

highlights the main groundwater basins of Yemen (Gun, et al., 1996). 

 
Figure 3. 3: Map of Yemen showing the main groundwater basins (Gun et al., 1996) 
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3.5.2 Unconventional Water Resources 

3.5.2.1 Treated Wastewater  

Different wastewater treatment technologies are implemented in Yemen, ranging from 

the most advanced kind of activated sludge process with ventilation to a simplest waste 

stability basin. More than 17 urban plants and 15 small rural wastewater treatment 

plants are operating where the total wastewater flow is nearly 300,000 cubic meters 

per day, (or about 100 million cubic meters per year). The treated volume quantity of 

the plants in the places like Sanaa and Ibb exceeded their design capacities, while the 

other treatment plants, as in Aden, are still below the required designed level. 

Biological Oxygen Demand (BOD) is used to characterize the treated water quality. A 

study conducted in 2005 showed that, Sanaa treatment plant treated water BOD was 

significantly increased from 550 mg/lt in 1985 to 800 mg/lt in 1992 and even reached 

to 1,100 mg/lt in 2000-2004. 

3.5.2.2 Seawater Desalination 

In Yemen, there are two desalination plants, the one in the city of Aden is called the 

Al Haswa Power Station. This plant is used to supply electricity to the city by heating 

the sea water and as a byproduct generates 69,000 cubic meters of freshwater per day. 

This quantity of water is added to the existing water supply network of Aden. The 

second desalination plant is still under construction for extension which is located 100 

km to the south of Taiz Governorate in Al-Mokha area. The plant was constructed by 

a private sector (Hail Saeed Group) in 2002 with a total capacity for desalination 

(design capacity) volume 76,596 m3/day (or 28 million m3/year). The desalinated 

water production volume reached to 25,1 million cubic meters in 2006, (Wangnick 

Consulting, 2002).  
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3.6 Water Scarcity in Yemen 

With only 125 cubic meters per person per year of renewable water resources, Yemen 

is among one of the most water-stressed countries in the world. This pattern is less 

than one-tenth of the threshold of water stress, which is 1,700 cubic meters per person 

per year (IRIN, 2008). The total demand for water exceeds 3,400 million cubic meters 

per year from the annual 2,500 million cubic meters of renewable resources, which 

results a drop in groundwater levels from one meter in Tuban Abyan to 6-8 meters per 

year in Sana'a Basin (Climate Change, 2001). It is estimated that, there are nearly 

45,000 to 70,000 wells in Yemen of which most of them are under the private sector 

control where in fact, nobody can confirm the exact number since almost everyone 

was dug without a governmental permission or license (NWRA, 2007). Agriculture is 

the largest proportion of Yemen's water resources where it uses nearly 90% of which 

37% is used just for irrigation (Yehya et el., 2005).  Due to global changes, it is found 

that, the average rainfall in Sanaa has decreased by one sixth from 240 mm (between 

1932 and 1968) to 200 mm (between 1969 to 1982) and to 180 mm (between 1983-

2000) (Lichtenthäler, 2010). 

3.7 Rainfall Stations  

Yemen as mentioned above, can be grouped into four main basins. In this study, due 

to civil war, none of the existing meteorological stations were functioning. Hence, 

with the help of Thiessen polygon approach, 3 representative hypothetical rainfall 

station locations for each basin were determined and coded as shown in Fig. 3.4 as a 

part of this study.  
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Figure 3. 4: Thiessen polygons based 12 representative rainfall stations of Yemen 
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3.8 Rainfall Data Details 

With the help of Global Positioning System (GPS), the coordinates of the suggested 

hypothetical stations were detected as given in Table 3.1. Since no observed 

(measured) datasets are available, the monthly rainfall data values of these 12 

hypothetical meteorological stations from January 1981 to December 2018 were 

gathered from the Prediction of Worldwide Energy Resources (POWER) archive. In 

fact, these datasets were obtained from the NASA Langley Research Center (LaRC) 

for POWER Project that was funded by the NASA Earth Science/Applied Science 

Program. These rainfall datasets, were derived from the NASA's GMAO MERRA-2 

assimilation model GEOS 5.12.4 FP-IT. Note that, MERRA-2 is the recent version of 

NASA's Goddard Earth Observing System Data Assimilation System (GEOS) 

(Bosilovich et al. 2016). The GEOS version 5.12.4 has the same grid resolution as 

MERRA-2 (0.5 X 0.5 implying 50 km X 50 km). The GEOS 5.12.4 dataset is 

processed by the POWER project team on a daily basis and appended to the end of the 

MERRA-2 daily time-series to provide low latency products which are generally ready 

within about 2 days of real-time. The MERRA-2 values in the resulting daily time-

series are typically updated every several months. Hence, the gathered rainfall data 

sets were the normalized rainfall roughly obtained values.   

Table 3. 1: The GPS coordinates of the selected representative rainfall stations for each 

basin of Yemen 

Basins 

Stations 

Codes 
GPS Coordinates 

Latitude Longitude 

Red Sea 

RSB001 15.9692 43.5799 

RSB002 14.8041 43.8435 

RSB003 13.8354 44.0523 

Arab Sea ASB004 15.8513 44.419 
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ASB005 16.6319 50.9888 

ASB006 16.3369 48.0884 

Gulf Aden 

RKB007 13.6272 45.1475 

RKB008 13.9153 46.2571 

RKB009 14.4266 48.0149 

Rub’ Al Khali 

GAB010 17.0000 44.4519 

GAB011 17.7863 51.4282 

GAB012 17.0000 44.4519 
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Chapter 4 

THEORY AND METHODOLOGY 

4.1 Introduction 

Statistics is a scientific knowledge that collects information regardless of its source, in 

most of the disciplines like agriculture, industry, medicine, economy, engineering, etc. 

It is also recognized to be one of the fundamental sciences in many areas due its 

widespread applicability. Definitely, it is one of most effective and vital resource in 

hydrological studies especially on climatic datasets where the predictions and forecasts 

are needed. It describes and explains the group of data with the help of basic scientific 

theories and tools that makes the presentation of the datasets easy, transparent, 

organized, more understandable, accurate, and complete in terms of assessment, 

interpretation and research that is analyzed with the help of some measures.  

The hydrological data is a time-series dependent dataset, that may be stationary or non-

stationary, since the nature of the hydrological processes is not strictly deterministic. 

So, the detection of any physical meaning in any time-series of hydrological variables 

is essential for any scientific study and even in practice. Especially, the data 

predictions and forecasts for the water resources systems, in fact, has been developed 

on the basis of statistical and probabilistic hydrology. Therefore, if for any design, the 

assumed (predicted or forecasted) value is incorrect, then the existing project or the 

plan has to be revised, due overhaul or under design, causing overhead cost and waste 

of time (Scholze, et al., 2006).   



22 

 

4.2 Definitions 

Statistics: is a science that deals with collecting, analyzing, and presentation of the 

datasets : 

Data: any quantity or quality that can be collected and used for any decision-making 

study; 

Population: the complete group of all components of the study that includes all the 

subjects of that study; 

Sample: is a representative subset of members selected from any specific population. 

Usually in the statistical studies, if the size of the data in a dataset is less than or equal 

to 30, this dataset is referred as sample (Seyhan, 1994); 

Parametric: any statistical property that is defined with the help of basic mathematical 

tools; 

Non-parametric: any statistical property that measures without using even basic 

mathematical tools; 

Confidence interval: in statistics, refers to the probability that a population parameter 

will fall between a set of values for a certain proportion of times. It is a measure the 

degree of uncertainty or certainty in a sampling method. Though can be any number 

of probability limits, with the most common being a 95% or 99% confidence level. 

Degrees of freedom: is the number of independent coordinates of any statistical 

function; 

Correlation: is a measure in statistics used to denote association between two 

quantitative variables; 

Auto-covariance: is a coefficient that describes the degree of linear dependence of any 

time based organized successive data; 
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4.3 Time-Series 

Time-series can be defined as collecting data points measured in a constant interval of 

time. In other words, a time-series is a sequence where the dataset is recorded over 

regular time intervals. It is simply a set of ordered data points with respect to time. 

Depending on the need and availability of the gathered data, a time-series can be 

of yearly, seasonally, monthly, weekly, daily, hourly, minutes, and even seconds 

wise. 

Time-series is used in statistical methods for analyzing the dataset collected in 

successive time intervals so as to extract meaningful statistical results. This analysis is 

comprised of different algorithms or methods used to extract certain statistical 

information and characteristics of data, in order to predict the future values based 

on stored past time-series dataset. Hence, time-series helps in analyzing the past 

data, which then becomes an essential factor in forecasting the future data.  

Any time-series is composed of three pattern types: 

1- Trend; 

A trend describes the time-series of the dataset without any overlaying or repeating in 

time base. The trend pattern exists, when there is a medium-term or long-term increase 

or decrease in the data. Sometimes, it is refer as changing direction, when it might go 

from an increasing trend to a decreasing trend where it does not have to be linear. 

2- Seasonality; 

A seasonal pattern exists, when a time-series is influenced by seasonal factors. It can 

be observed, if the same behavior of trend line is repeated in systematic intervals 

(periodically) over the time. Seasonality always has a fixed and known period.  

https://www.iunera.com/kraken/fabric/time-series-database/
https://www.iunera.com/kraken/fabric/time-series-database/
https://www.iunera.com/kraken/fabric/time-series-database/
https://www.iunera.com/kraken/fabric/data-science/
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3- Cyclic; 

A cyclic pattern exists, when data exhibit rises and falls that are not of fixed period. 

The duration of these fluctuations is usually of at least 2 years. Many people confuse 

cyclic behavior with seasonal behavior, but they are really quite different. If the 

fluctuations are not of fixed period then they are cyclic; if the period is unchanging 

and associated with some aspect of the calendar, then the pattern is seasonal. In 

general, the average length of cycles is longer than the length of a seasonal pattern, 

and the magnitude of cycles tends to be more variable than the magnitude of seasonal 

patterns. 

4.4 Time-Series Forecasting 

Predicting the behavior of a variable over a time is a common problem that one 

encounters in many real case studies. Despite its importance, time-series forecasting is 

a topic often overlooked in Machine Learning. Hence, how to approach a time-series 

problem using Machine Learning techniques will be detailed below. Time-series 

analysis is particularly hard, because there is a difficulty that doesn’t occur with other 

problems in Machine Learning, since the data has a particular order and it is highly 

correlated. This means that, if one takes two observations with the exact same attribute 

values, the outcome may be totally different due to the recent past measurements. This 

is mainly due to practical implications when one is attacking the problem to solve. For 

example, splitting the data between training and validation sets can’t be done at 

random like one would do with typical Machine Learning problems because, the order 

of the data itself contains a lot of information.  

On the other hand, forecasting which implies predicting the future values based on the 

time-series dataset one is going to take. Can be classified into two:  

https://www.cybertec-postgresql.com/en/data-science/machine-learning/


25 

 

1- if only the previous values of the time series are used to predict its future 

values, it is called Uni-variate Time-series Forecasting whereas, 

2- if the predictors other than the time-series are as well used to forecast, it is 

called Multi-variate Time-series Forecasting.  

In any of the regression model, the response variable in the previous time period has 

become the new predictor, and errors have been associated in any simple linear 

regression model.  

Note that, for a prediction of time t, the predicted data relies on on t-1 and so on all 

the way, till t-n. This is called lagged prediction, since it relies on the data points that 

were in the previous period of time. 

4.5 The ARIMA Model 

ARIMA is an acronym that stands for AutoRegressive Integrated Moving Average. 

This acronym is descriptive, that is capturing the key aspects of the model itself. The 

ARIMA modeling approach offers a model-driven technique to time-series forecasting 

by using a theoretical framework developed by George E. P. Box (1919– 2013) and 

Gwilym M. Jenkins (1932– 1982) so usually referred as the Box–Jenkins method.  

ARIMA forecasting algorithm based on the idea that, the information in the past values 

of the time-series can alone be used to predict the future values. It is actually a class 

of models that explains a given time-series based on its own past values, (i.e. its own 

lags and the lagged forecast errors), so that, equation can be used to forecast future 

values. The AutoRegressive Integrated Moving Average (ARIMA) is the go-to model 

for any time-series forecasting: 

 

https://www.statisticshowto.com/autoregressive-model/
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1- AutoRegressive Model (AR) 

The AutoRegressive model is just a linear regression model that fits the present value 

based on previous values ‘p’, sometimes referred as lagged predictions. In other words, 

autoregression is a model that uses the dependent relationship between data and some 

number of lagged observations.  

The notation AR(p) indicates an autoregressive model of order p where the AR(p) 

model is defined as: 

y
t 
= c + β

1
y

t-1
+ ... + β

P
y

t-p
 + εt                                                                 Eq. (4.1) 

where, 

yt  is the variable of model, 

c is the constant, 

βi is the parameter of the model varying from β1,..., βp  and  

εt is the white noise error term. 

2- Moving Average Model (MA) 

The Moving Average model uses the dependency between a data and a residual error 

from a moving average model that is applied on the lagged data. This model proposes 

that, output is a linear combination of the current and various past values of a random 

variable.  

The notation MA(q) indicates a moving average model of order q. The MA(q) model 

is defined as: 

     y
t
 = μ + θ1𝜀𝑡−1+ ... + θq𝜀𝑡−𝑞 + εt                                                             Eq. (4.2) 

where, 

yt  is the variable of the model, 

μ is the constant term of the model, 
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θi is the parameter of the model varying from θ1,..., θq  and  

εt is the white noise error term. 

3- Integrated (I) 

The term Integrated, implies the use of differencing of raw data (e.g., subtracting a 

data from the data of the previous time step) in order to make the time-series stationary, 

In time-series forecasting, which is an implicit assumption, the model depends on time 

in some capacity. This seems pretty obvious. With that assumption out of the way, one 

needs to understand where on the spectrum of dependence, time falls in relation to the 

studied model.  

So, instead of trying to forecast the value of the observed variable, it is easier to 

forecast how different the new value will be with respect to the last one. This means 

that, using the difference ‘d’, between consecutive steps as the target variable, instead 

of the observable variable itself. In other words, it is defining the number of 

differencing required to make the time-series stationary.  

Each of these three components are explicitly specified in any ARIMA model as a 

parameter. A standard notation is, ARIMA(p,d,q) where by definition, the parameters 

have only positive integer values. Hence, to be able to define any ARIMA model, it is 

essential to characterize it by 3 terms (hyper-parameters) p, d, q. With the properly 

selection of these three hyper-parameters, it is expected that, one can get the best 

possible model. Note that, p defines the order of the Auto Regressive (AR) term (i.e. 

it refers to the number of lag data within the model which is used as predictors, which 

is also called the lag order), d defines the order of differencing term (i.e. it refers to the 

number of differencing required to make the time-series stationary, which is also called 

the degree of differencing), and q defines the order of the Moving Average (MA) term 
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(i.e. it refers to the number of lagged forecast errors, that defines the size of the moving 

average time window, which is also called the order of moving average) (Yurekli et 

al., 2005).  

The mean and the constant terms are related by the below given equation as: 

Constant = Mean * [1 – (the sum of the AR coefficients)]. 

Hence, the mathematical presentation is given as:  

ŷt = c + β1 yt-1 +…+ βp yt-p - θ1εt-1 -…- θqεt-q                                            Eq. (4.3) 

An ARIMA model is the one, where the time-series was differenced at least once to 

make it stationary and by combining the AR and the MA terms.  

ARIMA model in words: 

Predicted yt = constant + linear combination lags of y (up to p lags) + linear 

combination of lagged forecast errors (up to q lags)  

4.5.1 Comparison Between ARMA and ARIMA 

The only difference between ARMA “Autoregressive Moving Average” and ARIMA 

“Autoregressive Integrated Moving Average” is the “integrated” part. The word 

Integrated refers to the number of times needed to difference a series in order to 

achieve stationarity, which is required for ARMA models to be valid. By differencing, 

it means forming a new series by subtracting observation 1 from 2, 2, from 3, etc. So 

an ARMA model is equivalent to an ARIMA model of the same MA and AR orders 

with no differencing. 

The typical short-hand notation for ARMA is “ARMA(p,q)” where p is the AR order 

and q is the MA order. For ARIMA, the notation is “ARIMA(p,d,q)” where the added 
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d is the order of integration, or number of differences. So the following two statements 

sum it all up: 

1. ARMA(p,q) is equivalent to ARIMA(p,0,q); 

2. Given an ARIMA(p,d,q), if d > 0 one can modle this as an ARMA by running 

an ARMA(p,q) after differencing the original series d times. 

4.6 How to Built an ARIMA Model 

A good way to generate an ARIMA model, is to simply propose some values for each 

hyper-parameter (any positive whole number from 0 up to say 5, where the upper limit 

depends on the sample size). A value of 0 can be used for a parameter, which indicates 

not to use that element within that model. The ARIMA model can be configured to 

perform the function of an ARMA model, and even a simple AR, I, or MA model. 

Some special ARIMA(p,d,q) models: 

• ARIMA(0, 0, 0) is a white noise model; 

• ARIMA(1, 0, 0) is a first-order autoregressive model (AR(1));   

ŷt =  c + β1yt-1 + εt 

• ARIMA(2, 0, 0) is a second-order autoregressive model (AR(2)); 

ŷt = c + β1yt−1 + β2yt−2 + εt 

• ARIMA(0, 0, 1) is a first-order moving average model (MA(1)); 

ŷt =  μ + θ1εt-1 + εt 

• ARIMA(0, 0, 2) is a second-order moving average model (MA(2)); 

ŷt =  μ + θ1εt-1 + θ2εt-2 + εt 

• ARIMA(0, 1, 0) is simply a random walk model (or I(1) model); 

ŷt = c + yt −  yt−1 

• ARIMA(0, 2, 0) is a random walk model of degree 2 (or I(2) model); 

ŷt = c + yt  − 2yt−1 − yt−2  

https://en.wikipedia.org/wiki/White_noise
https://en.wikipedia.org/wiki/Random_walk
https://en.wikipedia.org/wiki/Random_walk
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• ARIMA(0, 1, 1) is a simple exponential smoothing model; 

ŷt =  yt−1 − θ1εt-1 + εt 

• ARIMA(1, 1, 0) is a differenced first-order autoregressive model; 

ŷt = c + yt−1 + β1(yt−1 − yt−2) 

• ARIMA(0, 2, 1) is a linear exponential smoothing model; 

ŷt = 2yt−1 − yt−2 − θ1εt-1 + θ2εt-2  

• ARIMA(1, 1, 1) is a simple mixed model; 

ŷt = μ + yt−1 +  β1 (yt−1 − yt−2) − θ1εt-1 

• ARIMA(0, 1, 2) is a Damped (flatten over time) Holt's model;  

• ARIMA(0, 2, 2) is double exponential smoothing model (Holt's linear method 

with additive errors);  

• ARIMA(1, 1, 2) is a damped-trend linear exponential smoothing model;  

ŷt = yt−1 +  β1 (yt−1 − yt−2) − θ1εt-1  − θ2εt-2 . 

One correct way to split the data would be, to keep the first 3/4 of the observations to 

train the model and the last 1/4 of the observation to validate and test the model’s 

accuracy (i.e., approximately 75:25 ratio is reasonable proportion).  

Hence, adjusting the model with the training data, and see how well each model 

performs by comparing the predicted and the tested (validation) dataset is important. 

This is called hyper-parameter optimization, and it is often done wrong. The score of 

each model with different parameters should be obtained against the validation set, not 

against the training set. 

https://en.wikipedia.org/wiki/Exponential_smoothing#Basic_(simple)_exponential_smoothing_(Holt_linear)
https://en.wikipedia.org/wiki/Exponential_smoothing#Basic_(simple)_exponential_smoothing_(Holt_linear)
https://en.wikipedia.org/wiki/Exponential_smoothing#Double_exponential_smoothing
https://en.wikipedia.org/wiki/Exponential_smoothing#Basic_(simple)_exponential_smoothing_(Holt_linear)
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4.6.1 Unit Roots Concept 

If a series is grossly under- or over-differenced (i.e., if a whole order of differencing 

needs to be added or cancelled), this is often signaled by a unit root in the estimated 

AR or MA coefficients of the model. Hence, if any time-series is non-stationary, the 

unit root in the AR coefficients needs a higher order differencing. Therefore, 

➢ if the unit root in the AR part of the model has a sum of the AR coefficients 

almost exactly 1, one should reduce the number of AR terms by one 

and increase the order of differencing by one. 

➢ if there is a unit root in the MA part of the model has a sum of the MA 

coefficients almost exactly 1, one should reduce the number of MA terms by 

one and reduce the order of differencing by one. 

4.6.2 AutoCorrelation and Partial AutoCorrelation Functions 

The ACF and the PACF are widely used in identifying ARMA models. ACF plot is 

merely a bar chart of the coefficients of ordinary correlation between a time-series and 

lags of itself. On the other hand, PACF plot is a plot of the partial correlation 

coefficients between the series and lags of itself.  

4.6.2.1 ACF and PACF of AR (p) 

The ACF of an AR (1) process is depicted in Figure 4.1. There is a decaying pattern 

in the ACF; the decay is exponential for 0 < β1 < 1 (Figure 4.1a), whereas, for –1 < β1 

< 0 (Figure 4.1b), the ACF is similar but alternates in sign. The PACF shows a single 

positive value at lag 1 of 0 < β1 < 1 and a negative spike at lag 1 of –1 < β1 < 0.  
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Figure 4. 1: (a) ACF of an AR (1) process β1 = 0.70 

 (b) ACF of an AR (1) process β1 = - 0.80 

The PACF is more complex to describe. It measures  the correlation  between yt and 

yt – k adjusted for the intermediate values yt –1 , yt – 2 , . . . , yt – k + 1 (or the correlation 

between yt and yt – k not accounted for by yt –1 , yt – 2 , . . . , yt – k + 1 ). If one denotes βkj 

of the jth coefficient in an AR(k) model, then βkk being the last coefficient, so it can be 

shown that, the βkj will be nonzero for k ≤ p and zero for k > p, where p is the order of 

the autoregressive process.  

Another basic process that occurs fairly often in practice is the AR(2) process. In this 

case, there are two autoregressive coefficients β1 and β2. Figure 4.2 shows the ACF 

and the PACF of an AR (2) model with β1 = 0.3 and β2 = 0.5.  

 
Figure 4. 2: (a) ACF and (b) PACF of an AR (2) model with β1 = 0.3 and β2 = 0.5 



33 

 

 
Figure 4. 3: (a) ACF and (b) PACF of an AR (2) model with β1 = 1.2 and β2 = - 0.64 

Figure 4.3 shows ACF and ACF of an AR (2) model with β1 = 1.2 and β2 = - 0.64. The 

values in the ACF decay in a sinusoidal pattern, whereas the PACF has a positive value 

at lag 1 and a negative value at lag 2. 

4.6.2.2 ACF and PACF of MA (q) 

To identify if the model needs any MA terms, one can find out the required number of 

MA terms by inspecting mainly ACF plot. An MA term is technically, the error of the 

lagged forecast.  

The ACF of a MA(q) process is 0, beyond the order q of the process (i.e., it has a cutoff 

after lag q). The ACF of a MA (1) process has one spike at lag 1, the others are 0. It 

has the value ρ1 = - θ1/(1 + θ1
2) with |ρ1 | ≤ ½.   

The PACF of MA process is complicated, so in Figure 4.4 ACF and PACF of an MA 

(1) model with positive θ1 is presented where there is a single negative spike at the lag 

1 in the ACF and a decaying pattern in the PACF.  
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Figure 4. 4: (a) ACF and (b) PACF of a MA(1) model with positive parameter θ 

The ACF of an MA(1) process with negative θ shown in Figure 4.5, where a single 

positive spike for ACF, but PACF shows a decaying pattern with spikes alternating 

above and below the zero line.  

 
Figure 4. 5: (a) ACF and (b) PACF of a MA(1) model with negative parameter θ 

4.6.3 Alternative ARIMA Models  

4.6.3.1 ARIMA(0,0,0) 

Its ACF is given in Figure 4.6. 
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Figure 4. 6: ACF of ARIMA(0,0,0) 

The autocorrelations are significant for a large number of lags, but perhaps the 

autocorrelations at lags 2 of PACF is given in Figure 4.7. 

 
Figure 4. 7: PACF of ARIMA(0,0,0) 

The forecasting equation for an AR(1) model for a series y with no orders of 

differencing is: 

                       ŷt = μ + β1yt-1 
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If the AR(1) coefficient β1 in this equation is equal to 1, it is equivalent as if it is 

predicting the first difference of y as constant (i.e. it is equivalent to the equation of 

the random walk model with growth): 

                        ŷt  = μ + yt-1 

4.6.3.2 ARIMA(0,1,0) 

In an AR(1) model, the AR term acts like a first difference where the autoregressive 

coefficient is equal to 1 where its ACF and PACF are given in Figure 4.8 and 4.9 

respectively. Note that, 

 if the PACF of the differenced series displays a sharp cutoff and/or the lag-1 

autocorrelation is positive, and; 

 if the ACF of the differenced series displays a sharp cutoff and/or the lag-1 

autocorrelation is negative   (i.e. if the series appears slightly over-differenced) 

then, consider adding an MA term to the model. The lag at which the ACF cuts 

off is the indicated number of MA terms. 

The time-series needed (at least) one order of non-seasonal differencing to be 

stationarized as was determined. After taking one non-seasonal difference (i.e. fitting 

an ARIMA(0,1,0) model with constant) the ACF and PACF plots look like that is given 

in Figure 4.8 and 4.9 respectively.  
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Figure 4. 8: Residual ACF of ARIMA(0,1,0) 

 
Figure 4. 9: Residual PACF of ARIMA(0,1,0) 

4.6.3.3 ARIMA(2,1,0) 

If one sets the order of the AR term to 2, (i.e. fit an ARIMA(2,1,0) model) can obtain, 

the following ACF and PACF plots for the residuals as given in Figure 4.10 and 4.11 

respectively. 
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Figure 4. 10: Residual ACF of ARIMA(2,1,0) 

 
                               Figure 4. 11: Residual PACF of ARIMA(2,1,0) 

The autocorrelation at the crucial lags; namely lags 1 and 2; has been eliminated, and 

there is no discernible pattern in higher-order lags. The time-series plot of the residuals 

shows a slightly worrisome tendency to wander away from the mean as given in Figure 

4.12. 
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Figure 4. 12: Residual plot of ARIMA(2,1,0) 

The (untransformed) forecasts for the model show a linear upward trend projected into 

the future as shown in Figure 4.13. 

 
Figure 4. 13: Plot of ARIMA(2,1,0) 

4.6.3.4 ARIMA(0,2,0) 

One order of non-seasonal differencing yielded the lowest standard deviation (and a 

pattern of mild positive autocorrelation), while two orders of non-seasonal 

differencing yielded a more stationary-looking time-series plot (but with rather strong 
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negative autocorrelation). The ACF and PACF of the series (Figure 4.14 and 4.15) 

with two non-seasonal differences: 

 

 
Figure 4. 14: Residual ACF of ARIMA(0,2,0) 

 
Figure 4. 15: Residual PACF of ARIMA(0,2,0) 
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4.6.3.5 ARIMA(0,2,1) 

 

Notice that, the estimated white noise standard deviation (RMSE) is only very slightly 

higher for this model than the previous one (1.46301 here versus 1.45215 previously).  

4.6.3.6 Comparison of ARIMA(2,1,0) and ARIMA(0,2,1) 

Below is the model comparison report that shows the results of fitting the 

ARIMA(2,1,0) model and ARIMA(0,2,1) model 
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The two models, perform nearly identically in the estimation period. But on the basis 

of these statistical results alone, it would be hard to choose among the two models. 

However, if one plots the long-term forecasts made by the ARIMA(0,2,1) model as 

shown in Figure 4.16, can easily observe a significant difference from the earlier model 

as was detailed in Figure 4.13. 



43 

 

 

Figure 4. 16: Plot of ARIMA(0,2,1) 

4.7 Akaike Information Criterion   

Fitting a model refers to an examination of whether the statistical model employed in 

an application adequately explains the important features of the dataset at hand. On the 

other hand, selection a model refers to the choice of the statistical model that describes 

the dataset best, among several competing models. The model fit and model selection 

analysis for the linear models can be done by using residual analysis.  

The most important part is to make sure that, the residuals of the model is random, and 

the estimated parameters are statistically significant. So, by determining the residuals 

of the chosen model from the plottings of ACF and PACF and doing several tests, the 

model is being checked. One of the popular residual analysis approach is Akaike 

Information Criterion (AIC).  

The Akaike Information Criterion (AIC) is a mathematical method used for evaluating 

how well a model fits the dataset it was generated from. It is derived from frequency 

probability. In statistics, AIC is used to compare different possible models for 

https://www.sciencedirect.com/topics/mathematics/akaike-information-criterion
https://www.sciencedirect.com/topics/mathematics/akaike-information-criterion
https://www.sciencedirect.com/topics/mathematics/akaike-information-criterion
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determining which one is the best fit for the dataset. The Akaike Information Criterion 

is a way of selecting a model from a set of models. It is a fined technique based on in-

sample fit to estimate the likelihood of a model to predict/estimate the future values. 

So, by applying this criterion, the minimum AIC value is selected to be the best model. 

In other words, a good model is the one that has minimum AIC among all the other 

models. 

Akaike’s Information Criterion is useful in selecting predictors of regression 

especially for determining the order of ARIMA model. In literature, this criterion is 

expressed by different formulas. Among them, the most widely used ones are: 

1- based on likelihood measure  

• First order, applicable for large sample size, 

                     AIC = - 2log(L) + 2K 

where 

L: the likelihood (probability) which is a measure of model fit. The higher the 

number the better is the fit and it is usually obtained from statistical output.   

K: number of free parameters in the model plus the intercept. K= p+q+k+1  

p: autoregression order, 

q: moving average order, 

c: constant of the model, k = 1 for c ≠ 0 and k = 0 if c = 0. 

• Second orders, applicable for small sample size (n/K < 40), 

             AICc = - 2log(L) + 2K * (2K(K+1) / ( n - K - 1)) 

where 

n: the sample size. 

2- based on least square regression measure 
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• First order, applicable for large sample size, 

                   AIC = - 2log(𝜎̂2) + 2K 

where 

𝜎̂2: residual sum of the squares/n 

• Second orders, applicable for small sample size (n/K < 40) 

              AICc = - 2log(𝜎̂2) + 2K * (2K(K+1) / ( n - K - 1)) 

3- based on Chi-squared measure 

• First order, applicable for large sample size, 

                   AIC = - 2log(χ2) + 2K 

where 

𝜒2: chi-squired regression value 

• Second orders, applicable for small sample size (n/K < 40) 

              AICc = - 2log(χ2) + 2K * (2K(K+1) / ( n - K - 1)) 

Note that for this formula, the estimated variance must be included in the parameter 

count. 

4.8 Forecasting Criteria 

The commonly used accuracy metrics to judge the forecasted values are: 

1. Mean Error (ME) 

2. Mean Absolute Error (MAE)  

3. Mean Absolute Percentage Error (MAPE) 

4. Root Mean Squared Error (RMSE) 

5. Correlation between the Actual and the Forecast (Corr) 

6. Min-Max Error (minmax) 

https://www.statisticshowto.com/probability-and-statistics/variance/
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Typically, if it is required to compare forecasts of two different series, the MAPE, 

Correlation and Min-Max Error can be used since only these three are the percentage 

errors that vary between 0 and 1.  

For the selection of an ARIMA model that adequately describes the data series, the 

values of the following metrics are used:  

a) Root Mean Squared Error (RMSE),  

     It implies the deviation between the computed and the measured values through 

their squares so as to overcoming the effect of the negative signs. 

RMSE =√
∑ (xcomp - xmeas)

i

2n
i=1

n
   

b) Mean Absolute Deviation (MAD),  

It is the deviation between the computed and the measured values. Mean absolute 

deviation helps to get a sense of how "spread out" the values. 

   i

n

1i
meascomp x x

n

1
MAD 

=

−=

 

c) Mean Absolute Percentage Error (MAPE) 

It is a measure of prediction accuracy of a forecasting method. It usually expresses this 

accuracy as a ratio. 

 MAPE =
1

n
∑ |

meascomp xx −

measx
|

i

n
i=1 ∗ 100 

where, 

Σ : a fancy symbol that means ‘sum’ 

n : sample size 

xcomp : the computed data value 
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xmeas : the measured data value. 

Hence, the appropriate ARIMA model is being selected among the smallest sum value 

of the weighted means calculated by the below given formulas:  

i- Weighted Mean 1 = (RMSE + 4 MAPE + MAD) / 6  

ii- Weighted Mean 2 = (4 RMSE + MAPE + MAD) / 6  

iii- Weighted Mean 3 = (RMSE + MAPE + 4 MAD) / 6 
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Figure 4. 17: Flowchart illustrating how to build ARIMA model and forecast the 

unknown successive data 
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Chapter 5 

APPLIED TESTS, FUNCTIONS, AND MODELS 

5.1 Quality Tests 

To be able to propose or make robutus sample inferences from any dataset under 

consideration, it is advisable to test statistically this sample inference by different test 

models. These test models are usually referred as quality tests and can both be 

parametric and non-parametric type.   

5.1.1 Adequacy of Sample Size 

The adequacy of sample size depends on, 

i- the coefficient of variance ‘Cv’ (the ratio of the existing samples standard 

deviation (sx) to its arithmetic mean (x̅av), 

ii- the expected (required) error (ε) for that study, like 10%, 15% etc., 

and is given empirically as: 

     Adequate size of the sample n = 
Cv

2

ε2
                                  (Subramanya, K. 2013) 

5.1.2 Homogeneity Test 

Compares if two samples (populations) are from the same distribution type. 

a- Parametric test 

•    t-test; to compare their means  

•    F-test; to compare their standard deviations  

b- Non-parametric test 

• χ2 test for independence. 
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5.1.3 Consistency Test 

Even if two datasets are derived from the same population, it could still be the case 

that, there are unaccounted differences between the two datasets, hence their 

consistency need to be tested.  

a- Parametric test 

•   mean 

•   standard deviation 

•   skewness 

•   kurtosis 

b- Non-parametric test 

•   Double Mass Curve ‘R2’ 

5.1.4 Normality Test 

Is used to determine whether the sample data has been drawn from a normally 

distributed population (within some tolerance). 

a- Parametric test 

•   Jarqua-Bera test  

b- Non-parametric test 

•   Kolmogorov-Smirnov test 

•   Shapiro-Wilk test 

5.1.5 Trends Test 

It is used to underlying the pattern of behavior within the time-series. It is also called 

Correlation or Randomness or Dependence. 

a-  Parametric test 

• Moving average linear regression ‘R2’ test 

b- Non-parametric test 
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•   Spearman’s Rank ‘ρ’ test 

•   Mann-Kendall test with Theil-Sen trend line test.  

5.1.6 Stationarity Test 

A stationary time-series is one whose statistical properties such as mean, variance, 

auto-correlation, etc. are all constant over that time period. 

a- Parametric test 

•   Dickey-Fuller test 

b- Non-parametric test 

•   Runs test. 

5.2 Models 

5.2.1 Frequency Distribution Functions   

The hydrologic records are short duration records. Statistical functions are used in 

order to obtain the maximum information from these short duration observations so as 

to evaluate the most probable nature of the corresponding populations (Usul, 2005). 

To predict a data, the standardized form of the very widely used frequency distribution 

functions are: 

5.2.1.1 Normal Frequency Distribution Equation 

 x =  x̅av +  z sx 

where; 

 x: the required value, 

x̅av : the arithmetic average of the values within the dataset, 

sx: the standard deviation of the values within the dataset, 

z: z-score is measured in terms of standard deviations from the mean, given in 

Appendix 2. 
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5.2.1.2 Log-Normal Frequency Distribution Equation 

log(x) = log(x)av + z slog(x) 

log(x): the logarithmic definition of the required value, 

log(x)av: the arithmetic average of the dataset of which each data is defined by its 

logarithm, 

slog(x): the standard deviation of the dataset of which each data is defined by its 

logarithm, 

z: z-score is measured in terms of standard deviations from the mean, given in 

Appendix 2. 

5.2.1.3 Pearson Type III (Gamma) Frequency Distribution Equation 

 x = x̅av + K sx 

where, 

x: the required value, 

x̅av : the arithmetic average of the values within the dataset, 

sx: the standard deviation of the values within the dataset, 

K: a value that is defined by the skewness of the given dataset, given in Appendix 6.   

5.2.2 Time-Series Models 

One of the popular and widely used statistical model for time-series analyzing and 

forecasting studies is the ARIMA model. In fact, it is a class of statistical models 

(Wang et al., 2014). In this study, ARIMA(p,d,q) model of different [(p = 0, 1, 2), (d 

= 0,1,2) and (q = 0,1,2)] combinations (i.e. 33 = 27) were used.   

5.3 Detecting a Trend  

The Moving Average (MA) model is a parametric technique of smoothing and filtering 

the datasets. This method is used, since any of the time-series data may fluctuates in 

long run, and once the moving (running) average is used, simply these fluctuations are 
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get minimized and if there exists a trend then, it can easily be detected (Fukushima and 

Tanaka, 1990). In order for this model to be adopted, the time-series dataset was used 

where the linear lines of MA with different time windows from 2- up to 6- successive 

values based equations were generated separately for this study. Among them, for the 

representative MA order is determined from the slope of the line having the highest 

R2.  

5.4 Detecting Wetness/Dryness 

To detect wetness/dryness of the given dataset, the mean of the dataset is compared 

with each data and if the data is greater than its mean it is commented to be wet or as 

dry vice versa.  
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Chapter 6 

CALCULATIONS AND RESULTS 

6.1 Introduction 

Yemen surface area is broadly grouped into 4 basins; Red Sea Basin (RSB), Arab Sea 

Basin (ASB), Gulf Aden Basin (GAB), Rub’ Al Khali Basin (RKB), where in this 

study, 3 representative hypothetical rainfall stations were generated with the help of 

Thiessen polygon for each basin (RSB001, RSB002, RSB003, ASB004, ASB005, 

ASB006, GAB007, GAB008, GAB009, RKB010, RKB011, RKB012).  

To satisfy the objectives of this study,  

1- the five parametric and non-parametric data quality tests 

a-  Homogeneity,  

b-  Consistency,  

c-  Normality,  

d-  Trend, and 

e- Stationarity were applied on the rainfall datasets from 1981 to 2018 (38 

years' data) of each representative rainfall station and the three 

representative stations dataset based averaged rainfall dataset of each basin 

were determined.  

2- one among the three frequency distribution equations 

i- Normal,  

ii- log-Normal, and 

iii- Pearson Type III (Gamma) was suggested for each basin.  
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3- three among the ARIMA of 27 different combinations were selected to 

represent for each basin in which 3 successive years data values (2019, 2020 

and 2021) were forecasted based on the most representative one from those 

three models.  

4- detecting the Trend for each basin, using the most appropriate Moving Average 

(MA) model, and  

5- commenting on the wet and the dry spells of each basin.  

6.2 Red Sea Basin  

6.2.1 Quality Tests Results of Rainfall Datasets of Red Sea Basin 

     Table 6. 1: Quality tests results of rainfall datasets of Red Sea basin 

 

 

Sample size Comment 

 Available  Minimum required based on 10% error Based on the other  

38 43 2 stations within the basin basins 

Quality Test Type Applied Test RSB0

01 

RSB0

02 

RSB0

03 

RSB-

av. 

Consistency 

Parametric 
Mean 46.5 215.7 215.7 135.0 

Std. Deviation 92.6 142.1 142.1 87.9 

Non-

parametric 

Double Mass Curve ‘R2’ 0.962 0.998 0.996 0.985 

Comment Accept Accept  Accept  Accept  

 

Homogenity 

Parametric 

t-test -6.45 0.50 4.74 9.39 

Comment Reject Accept Reject  Reject 

F-test 0.16 1.13 4.87 9.23 

Comment Accept Accept Reject Reject 

Non-

parametric 

χ2–test 3.684 0.947 2.526 1.789 

Comment 
> 1.2 

Accept 

> 1.0 

Reject 

> 1.0 

Accept 

> 1.1 

Accept 

 

Normality 

Parametric 

Jarque-Bera 0.06 0.06 0.06 0.06 

Comment Accept Accept Accept Accept 

Doornik Chi-Square 0.00 0.00 0.00 0.00 

Comment Reject Reject Reject Reject  

Non-

parametric 

Kolmogonov-Smirnov 0.023 0.595 0.293 0.580 

Comment Accept Accept Accept Accept 

Shapiro – Wilk 0.023 0.595 0.293 0.580 

Comment Reject Accept Accept Accept 

 

Trend 

(Randomless

) 

 (Correlation) 

(Dependence

) 

Parametric 

R2 (MA linear 

regression) 
0.66 0.68 0.75 0.68 

Comment Moder

ate 

Moder

ate 

Moder

ate 

Moder

ate 

Non-

parametric 

ρ Spearman's Rank test 1.00 0.53 0.42 0.58 

Comment V.Stro

ng 

Moder

ate 

Moder

ate 

Moder

ate 

Mann-Kendall with 

Theil-Sen trend line 
1.00 0.39 0.31 0.51 

Comment V. 

Strong 
Weak Weak 

Moder

ate 

 

Stationarity 

Parametric 
Dickey-Fuller 0.15 0.02 0.00 0.035 

Comment Reject Accept Accept Accept 

Non-

parametric 

Runs test 0.05 0.01 0.61 0.336 

Comment Accept Accept Reject Reject 
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6.2.2 Generated Equations from the widely Used Frequency Distribution 

Functions of Red Sea Basin, Based on the Yearly Averaged Rainfall Dataset from 

1981 to 2018 

Table 6. 2: Generated equations from the widely used frequency distribution functions 

of red sea basin, based on the yearly averaged rainfall dataset from 1981 to 2018 

 

6.2.3 Details of the Suggested ARIMA Models and Their AIC Scores for Red Sea 

Basin, Based on the Yearly Averaged Rainfall Dataset from 1981 to 2018 

Table 6. 3: Details of the suggested ARIMA Models and their AIC scores for Red Sea 

Basin, based on the yearly averaged rainfall dataset from 1981 to 2018 

Name Equation p-value Selected 

Normal, x = 135. +.87.9 z 0.85 

Normal log-Normal log(x). = 2.02. +.0.407z 0.82 

Pearson Type-

III 
x = 135 + 87.9 K 0.22 

Model Name Test Results 
AIC score Comment 

ARIMA 

(p,q,r) σ2 m 

(0,0,1) 8687.0 2 153.68 √ 

(0,0,2) 8672.9 3 155.65  

(0,1,1) 7629.1 3 153.53 √ 

(0,1,2) 7756.5 4 155.81  

(0,2,1) 12814.9 4 164.09  

(0,2,2) 10513.9 5 162.83  

(1,0,0) 8689.7 2 153.68 √ 

(1,0,1) 8688.9 3 155.68  

(1,0,2) 6951.9 4 154.00  

(1,1,0) 11756.6 3 160.67  

(1,1,1) 7632.0 4 155.54  

(1,1,2) 6514.4 5 154.93  

(1,2,0) 25951.9 4 175.74  
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(1,2,1) 11058.9 5 163.66  

(2,0,0) 8689.8 3 155.68  

(2,0,1) 8687.8 4 157.68  

(2,0,2) 6666.9 5 155.31  

(2,1,0) 10038.4 4 160.06  

(2,1,1) 7672.0 5 157.63  

(2,1,2) 6370.9 6 156.56  

(2,2,0) 15637.14 5 169.38  

(2,2,1) 10417 6 164.67  

(2,2,2) 10309.14 7 166.50  
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6.2.4 Building a Forecast Model by ARIMA for Red Sea Basin 

Table 6. 4: Building a forecast model by ARIMA for Red Sea Basin 

 

6.2.5 Detecting Appropriate MA Time Window with its Linear Trend Equation of Red Sea Basin Based on the Yearly Averaged Rainfall 

Dataset from 1981 to 2018 

Table 6. 5: Detecting appropriate MA time window with its linear trend equation of Red Sea Basin based on the yearly averaged rainfall dataset 

from 1981 to 2018 

 

Years 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 Error Measures Weighted Mean 

Comment Observed (mm) 82 202 92 142 120 167 74 102 42 1 RMSE MAPE MAD 1 2 3 

ARIMA 

Model 

(0,1,1) 103.3 99.9 96.4 92.9 89.5 86 82.5 79.1 75.6 72.1 52.5 741.8 42.5 510.38 165.73 160.70 √ 

(0,0,1) 139 147 147 147 147 147 147 147 147 147 70.9 1519.9 58.8 1034.86 310.36 304.35   

(1,0,1) 139 146 147 147 147 147 147 147 147 147 71.0 1520.7 59.0 1035.44 310.59 304.59   

 

Moving  Average 

(MA) 

Time window Comment 

2 3 4 5 6 
R2 = 0.37 

selected 

MA(6) 
Linear Trend Equation y = -2.87x + 5875.1 y = -2.61x + 5345.2 y = -2.40x + 4933.2 y = -2.30x + 4730.4 y = -2.38x + 4894.9 

R2 0.22 0.26 0.27 0.31 0.37 
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6.2.6 Detecting Wetness/Dryness of Red Sea Basin Based on the Yearly Averaged 

Rainfall Dataset from 1981 to 2018 

Table 6. 6: Detecting wetness/dryness of Red Sea Basin based on the yearly averaged 

rainfall dataset from 1981 to 2018. 

The mean value of the yearly averaged rainfall dataset from 1981 to 2018 of Red Sea 

Basin, that is used for the comparison is 135 mm 

Year 
Rainfall 

(mm) 
Wet\Dry 

 
Year 

Rainfall 

(mm) 

Wet\ 

Dry  
Year 

Rainfall 

(mm) 

Wet\ 

Dry 

1981 297 Wet 
 1994 187 wet  2007 122 dry 

1982 213 Wet 
 1995 200 wet  2008 86 dry 

1983 229 Wet 
 1996 150 wet  2009 82 dry 

1984 105 Dry 
 1997 201 wet  2010 202 wet 

1985 62 Dry 
 1998 139 wet  2011 92 dry 

1986 523 Wet 
 1999 66 dry  2012 142 wet 

1987 174 Wet  2000 91 dry  2013 120 dry 

1988 150 Wet 
 2001 74 dry  2014 167 wet 

1989 154 Wet  2002 131 dry  2015 74 dry 

1990 37 Dry  2003 108 dry  2016 102 dry 

1991 39 Dry  2004 107 dry  2017 42 dry 

1992 72 Dry 
 2005 164 wet  2018 1 dry 

1993 90 Dry 
 2006 136 wet     

 

Wetness: total number above the mean = 17 
Dry Spell 

  

Dryness: total number below the mean = 21   
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6.3 Arab Sea Basin 

6.3.1 Quality Tests Results of Rainfall Datasets of Arab Sea Basin  

Table 6. 7: Quality tests results of rainfall datasets of Arab Sea Basin 

 

 

Sample size Comment 

Available Minimum required Based on the other  

38 62 2 stations within the basin basins 

Quality Test Type Applied Test ASB00

4 

ASB00

5 

ASB00

6 

ASB-

av. 

Consistency 

Parametric 
Mean 41.9 24.9 20.4 29.1 

Std. Deviation 40.6 18.0 22.2 22.8 

Non-

parametric 

Double Mass Curve ‘R2’ 0.999 0.998 0.983 0.969 

Comment Accept Accept Accept Accept 

 

Homogenit

y 

Parametric 

t-test 5.52 3.48 4.51 1.51 

Comment Reject Reject Reject Accept 

F-test 8.37 0.25 0.44 1.43 

Comment Reject Accept Accept Accept 

Non-

parametric 

χ2–test 1.789 3.684 0.947 2.526 

Comment 
> 1.1 

Accept 

> 1.2 

Accept 

> 1.0 

Reject 

> 1.1 

Accept 

 

Normality 

Parametric 

Jarque-Bera 0.058 0.058 0.058 0.058 

Comment Accept Accept Accept Accept 

Doornik Chi-Square 0.004 0.124 0.006 0.002 

Comment Accept Accept Accept Accept 

Non-

parametric 

Kolmogonov-Smirnov 0.004 0.124 0.006 0.002 

Comment Accept Accept Accept Accept 

Shapiro – Wilk 0.00 0.00 0.00 0.00 

Comment Reject Reject Reject Reject 

 

Trend 

(Randomles

s) 

 

(Correlation

) 

(Dependenc

e) 

Parametric 

R2 (MA linear regression) 0.64 0.66 0.98 0.604 

Comment Modera

te 

Modera

te 

V.Stron

g 

Modera

te 

Non-

parametric 

ρ Spearman's Rank test 0.288 0.464 0.441 0.398 

Comment 
Weak 

Modera

te 

Modera

te 

Modera

te 

Mann-Kendall with 

Theil-Sen trend line 
0.204 0.327 0.303 0.278 

Comment Weak Weak Weak Weak 

 

Stationarity 

Parametric 
Dickey-Fuller 0.102 0.044 0.035 0.060 

Comment Reject Accept Accept Accept 

Non-

parametric 

Runs test 0.156 0.142 0.118 0.139 

Comment Accept Accept Accept Accept 
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6.3.2 Generated Equations from the Widely used Frequency Distribution 

Functions of Arab Sea Basin, Based on the Yearly Averaged Rainfall Dataset 

from 1981 to 2018 

Table 6. 8: Generated equations from the widely used frequency distribution functions 

of Arab Sea Basin, based on the yearly averaged rainfall dataset from 1981 to 2018 

 

6.3.3 Details of the Suggested ARIMA Models and Their AIC Scores for Arab Sea 

Basin, Based on the Yearly Averaged Rainfall Dataset from 1981 to 2018 

Table 6. 9: Details of the suggested ARIMA models and their AIC scores for Arab Sea 

Basin, based on the yearly averaged rainfall dataset from 1981 to 2018. 

 

 

Name Equation p-value Selected 

Normal, x = 29.1. +.22.9 z 0.244 

Normal log-Normal log(x). = 1.342 + .0.358 z 0.1923 

Pearson Type -

III 
x = 29.1+22.9 K 0.203 

 

Model Name Test Results 
AIC score Comment 

ARIMA 

(p,q,r) σ2 m 

 (0,0,1) 4000.43 2 140.88 √ 

 (0,0,2) 3990.61 3 142.84 
 

 (0,1,0) 3990.61 2 140.84 
√ 

 (0,1,1) 3561.44 3 140.96 
 

 (0,1,2) 3603.93 4 143.16 
 

 (0,2,0) 3603.93 3 141.16 
 

 (0,2,1) 6246.04 4 152.23 
 

 (0,2,2) 4593.43 5 149.16 
 

 (1,0,0) 4002.71 2 140.89 
√ 

 (1,0,1) 3988.79 3 142.83 
 

 (1,0,2) 3328.9 4 141.85 
 

 (1,1,0) 5497.64 3 148.13 
 

 (1,1,1) 3564.3 4 142.98 
 

 (1,1,2) 3173.56 5 143.06 
 

 (1,2,0) 12737.4 4 163.99 
 

 (1,2,1) 5282.14 5 151.47 
 

 (1,2,2) 6419.57 6 156.69 
 

 (2,0,0) 4002.79 3 142.89 
 

 (2,0,1) 3987.82 4 144.83 
 

 (2,0,2) 3729.54 5 145.72 
 

 (2,1,0) 4390.43 4 146.42 
 

 (2,1,1) 3549.02 5 144.90 
 

 (2,1,2) 3422.45 6 146.30 
 

 (2,2,0) 7384.82 5 157.00 
 

 (2,2,1) 4544.68 6 150.99 
 

 (2,2,2) 4561.32 7 153.05 
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6.3.4 Building a Forecast Model by ARIMA for Arab Sea Basin 

Table 6. 10: Building a forecast model by ARIMA for Arab Sea Basin 

 

6.3.5 Detecting Appropriate MA Time Window with its Linear Trend Equation of Arab Sea Basin Based on the Yearly Averaged Rainfall 

Dataset from 1981 to 2018  

Table 6. 11: Detecting appropriate MA time window with its linear trend equation of Arab Sea Basin based on the yearly averaged rainfall dataset 

from 1981 to 2018 

Years 
200

9 
2010 2011 2012 2013 2014 2015 2016 2017 2018 

Error Measures 
Weighted Mean Comment 

Observed (mm) 51 126 64 110 75 110 50 75 36 1 RMSE MAPE MAD 1 2 3   

ARIMA 

MODEL 

(0,0,1) 99 103 103 103 103 103 103 103 103 103 48 1071 40 729 217 213   

(1,0,0) 99 102 103 103 103 103 103 103 103 103 48 1071 40 729 218 213   

(0,1,1) 69 67 64 61 59 56 54 51 49 46 35 477 28 328 107 104 √ 

 

 

Moving  Average 

(MA) 

Time window Comment 

2 3 4 5 6 
R2 = 0.60 

selected 

MA(5) 

Linear Trend 

Equation 
y = -1.26x + 2556.1 y = -1.16x + 2358.8 y = -1.08x + 2197.7 y = -1.04x + 2113.6 y = -1.03x + 2085.6 

R2 0.47 0.54 0.60 0.60 0.59 
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6.3.6 Detecting Wetness/Dryness of Arab Sea Basin Based on the Yearly 

Averaged Rainfall Dataset from 1981 to 2018 

Table 6. 12: Detecting Wetness/Dryness of Arab Sea Basin based on the yearly 

averaged rainfall dataset from 1981 to 2018 

The mean value of the yearly averaged rainfall dataset from 1981 to 2018 of Arab Sea 

Basin, that is used for the comparison is 29.1 mm 

Year 
Rainfall 

(mm) 
Wet\Dry 

 
Year 

Rainfall 

(mm) 

Wet\ 

Dry  
Year 

Rainfall 

(mm) 

Wet\ 

Dry 

1981 57 Wet 
 1994 29 dry  2007 19 dry 

1982 111 Wet 
 1995 25 dry  2008 14 dry 

1983 82 Wet 
 1996 37 wet  2009 8 dry 

1984 29 Dry 
 1997 16 dry  2010 24 dry 

1985 25 Dry 
 1998 32 wet  2011 21 dry 

1986 86 Wet 
 1999 6 dry  2012 32 wet 

1987 67 Wet  2000 13 dry  2013 24 dry 

1988 19 Dry 
 2001 16 dry  2014 14 dry 

1989 33 Wet  2002 32 wet  2015 10 dry 

1990 43 Wet  2003 24 dry  2016 26 dry 

1991 8 Dry  2004 29 dry  2017 8 dry 

1992 23 Dry 
 2005 22 dry  2018 1 dry 

1993 21 Dry 
 2006 21 dry     

 

Wetness: total number above the mean = 11 
Dry Spell 

  

Dryness: total number below the mean = 27   
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6.4 Gulf Aden Basin 

6.4.1 Quality Tests Results of Rainfall Datasets of Gulf Aden Basin 

Table 6. 13: Quality tests of rainfall datasets of Gulf Aden Basin 

 

Sample size Comment 

Available Minimum required Based on the other 

38 65 2 stations within the basin basins 

Quality Test Type Applied Test GAB00

7 

GAB0

08 

GAB00

9 
GAB-av. 

Consistency 

Parametric 
Mean 74.0 24.0 24.0 49 

Std. Deviation 46.4 24.1 24.1 39.5 

Non-

parametric 

Double Mass Curve ‘R2’ 0.999 0.998 0.983 0.958 

Comment Accept Accept Accept Accept 

 

Homogenity 

Parametric 

t-test 3.62 0.06 4.26 1.41 

Comment Reject Accept Reject Reject 

F-test 2.69 1.54 0.23 1.72 

Comment Accept Accept Accept Reject 

Non-

parametric 

χ2–test 1.789 3.684 0.947 2.526 

Comment 
 > 1.1 

Accept 

> 1.2 

Accept 

< 1.0 

Reject 

> 1.1 

Accept 

 

Normality 

Parametric 

Jarque-Bera 0.060 0.060 0.060 0.060 

Comment Accept Accept Accept Accept 

Doornik Chi-Square 0.238 0.238 0.238 0.238 

Comment Accept Accept Accept Accept 

Non-

parametric 

Kolmogonov-Smirnov 0.002 0.012 0.006 0.001 

Comment 
Normal 

Norma

l 
Normal Normal 

Shapiro – Wilk 0.00 0.00 0.00 0.00 

Comment Reject Reject Reject Reject 

 

Trend 

(Randomles

s) 

 

(Correlation

) 

(Dependenc

e) 

Parametric 

R2 (MA linear 

regression) 
0.865 0.963 0.598 0.809 

Comment 
Strong Strong 

Modera

te 
Strong 

Non-

parametric 

ρ Spearman's Rank test 0.805 0.918 0.427 0.717 

Comment 
Strong 

V.Stro

ng 

Modera

te 
Strong 

Mann-Kendall with 

Theil-Sen trend line 
0.655 0.790 0.312 0.586 

Comment Moderat

e 

Moder

ate 
Weak 

Moderat

e 

 

Stationarity 

Parametric 
Dickey-Fuller 0.137 0.05 0.021 0.069 

Comment Reject Accept Accept Accept 

Non-

parametric 

Runs test 0.642 0.156 0.772 0.523 

Comment Accept Accept Accept Accept 
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6.4.2 Generated Equations from the Widely used Frequency Distribution 

Functions of Gulf Aden Basin, Based on the Yearly Averaged Rainfall Dataset 

from 1981 to 2018 

Table 6. 14: Generated equations from the widely used frequency distribution 

functions of Gulf Aden Basin, based on the yearly averaged rainfall dataset from 1981 

to 2018 

Name Equation p-value Selected 

Normal, x = 49. +.39.5 𝑧 0.544 

Pearson Type-

III 

log-Normal log(x). = 1.563. +.0.37 z 0.414 

Pearson Type-

III 

x = 49 + 39.5 K 0.545 

 

6.4.3 Details of the Suggested ARIMA Models and their AIC Scores for Gulf Aden 

Basin, Based on the Yearly Averaged Rainfall Dataset from 1981 to 2018 

Table 6. 15: Details of the suggested ARIMA models and their AIC scores for Gulf 

Aden Basin, based on the yearly averaged rainfall dataset from 1981 to 2018 

Model Name Test Results 
AIC score 

Commen

t 

ARIMA 

(p,q,r) σ2 m 

(0,0,1) 1560.26 2 125.341  

(0,0,2) 1415.92 3 125.739  

(0,1,1) 1542.85 3 127.156 
 

(0,1,2) 1159.1 4 124.437 
 

(0,2,1) 1515.2 4 128.858 
 

(0,2,2) 1240.87 5 127.562 
 

(1,0,0) 1653.39 2 126.298 
 

(1,0,1) 1516.21 3 126.869 
 

(1,0,2) 965.393 4 121.419 
√ 

(1,1,0) 2154.39 3 132.666  
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(1,1,1) 1512.3 4 128.826  

(1,1,2) 1129.61 5 126.011  

(1,2,0) 4090.93 4 145.249  

(1,2,1) 1284.14 5 128.127  

(1,2,2) 1645.63 6 134.221  

(2,0,0) 1091.66 3 121.447 √ 

(2,0,1) 1323.29 4 126.623  

(2,0,2) 1081.12 5 125.287  

(2,1,0) 1442.47 4 128.046  

(2,1,1) 2151.9 5 136.647  

(2,1,2) 856.429 6 123.442 √ 

(2,2,0) 2549.37 5 139.444  

(2,2,1) 1172.1 6 128.621  

(2,2,2) 1093.9 7 129.481  
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6.4.4 Building a Forecast Model by ARIMA for Gulf  Aden Basin 

Table 6. 16: Building a forecast model by ARIMA for Gulf Aden Basin 

 

6.4.5 Detecting Appropriate MA Time Window with its Linear Trend Equation of Gulf Aden Basin Based on the Yearly Averaged Rainfall 

Dataset from 1981 to 2018  

Table 6. 17: Detecting appropriate MA time window with its linear trend equation of Gulf Aden Basin based on the yearly averaged rainfall dataset 

from 1981 to 2018 

 

Years 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 Error Measures Weighted Mean Comment 

Observed (mm) 32 66 28 20 30 39 15 30 12 1 RMSE MAPE MAD 1 2 3   

ARIMA 

MODEL 

(1,0,2) 50 73 68 64 61 59 57 56 55 54 658.0 32.1 449.8 138.3 136.9 658.0   

(2,0,0) 50 74 64 42 42 58 65 55 46 50 600.2 27.3 409.8 125.0 123.3 600.2   

(2,1,2) 15 24 28 19 13 15 15 11 6 6 81.9 13.1 59.9 28.0 25.5 81.9 √ 

 

Moving  Average 

(MA) 

Time window 
Commen

t 

2 3 4 5 6 
R2 = 0.70 

selected 

MA(6) 
Linear Trend Equation 

y = -1.83x + 

3716.7 

y = -1.55x + 

3147.9 

y = -1.36x + 

2778.4 
y = -1.28x + 2604.6 y = -1.26x + 2579.1 

R2 0.36 0.45 0.60 0.65 0.70 
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6.4.6 Detecting Wetness/Dryness of Gulf Aden Basin Based on the Yearly 

Averaged Rainfall Dataset from 1981 to 2018 

Table 6. 18: Detecting Wetness/Dryness of Gulf Aden Basin based on the yearly 

averaged rainfall dataset from 1981 to 2018. 

The mean value of the yearly averaged rainfall dataset from 1981 to 2018 of Gulf Aden 

Basin, that is used for the comparison is 50.40 mm 

Year 
Rainfall 

(mm) 
Wet\Dry 

 
Year 

Rainfall 

(mm) 

Wet\ 

Dry  
Year 

Rainfall 

(mm) 

Wet\ 

Dry 

1981 96 Wet 
 1994 37 dry  2007 44 dry 

1982 236 Wet 
 1995 68 wet  2008 25 dry 

1983 94 Wet 
 1996 98 wet  2009 32 dry 

1984 17 Dry 
 1997 46 dry  2010 66 wet 

1985 15 Dry 
 1998 43 dry  2011 28 dry 

1986 88 Wet 
 1999 42 dry  2012 20 dry 

1987 60 Wet  2000 42 dry  2013 30 dry 

1988 48 Dry 
 2001 31 dry  2014 39 dry 

1989 90 Wet  2002 69 wet  2015 15 dry 

1990 32 Dry  2003 18 dry  2016 30 dry 

1991 22 Dry  2004 46 dry  2017 12 dry 

1992 61 Wet 
 2005 67 wet  2018 1 dry 

1993 35 Dry 
 2006 35 dry     

 

Wetness: total number above the mean=12 
Dry Spell 

  

Dryness: total number below the mean= 26   
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6.5 Rub' Al Khali Basin 

6.5.1 Quality Tests Results of Rainfall Datasets of Rub' Al Khali Basin 

Table 6. 19: Quality tests of rainfall datasets of Rub' Al Khali Basin 

 

Sample size Comment 

Available Minimum required Based on the other  

38 59 2 stations within the basin basins 

Quality Test Type Applied Test RKB01

0 

RKB01

1 

RKB0

12 
RKB-av. 

Consistency 

Parametric 
Mean 38.5 30.6 21.2 30.1 

Std. Deviation 44.9 20.8 22.0 23.1 

Non-

parametric 

Double Mass Curve ‘R2’ 0.945 0.940 0.972 0.952 

Comment Accept Accept 
Accep

t 
Accept 

 

Homogenity 

Parametric 

t-test 1.61 0.10 -2.34 -0.78 

Comment Reject Accept Reject Accept 

F-test 5.85 0.51 0.68 1.23 

Comment Reject Accept 
Accep

t 
Accept 

Non-

parametric 

χ2–test 5.789 6.263 7.684 2.526 

Comment 
> 1.2 

Accept 

> 1.3 

Accept 

> 1.4 

Accep

t 

> 1.1 

Accept 

 

Normality 

Parametric 

Jarque-Bera 0.060 0.060 0.060 0.060 

Comment 
Accept Accept 

Accep

t 
Accept 

Doornik Chi-Square 0.238 0.238 0.238 0.238 

Comment 
Accept Accept 

Accep

t 
Accept 

Non-

parametric 

Kolmogonov-Smirnov 0.017 0.630 0.261 0.114 

Comment 
Accept Accept 

Accep

t 
Accept 

Shapiro – Wilk 0.00 0.00 0.00 0.00 

Comment Reject Reject Reject Reject 

 

Trend 

(Randomles

s) 

 

(Correlation

) 

(Dependenc

e) 

Parametric 

R2 (MA linear regression) 0.45 0.36 0.60 0.47 

Comment Modera

te 
Weak 

Mode

rate 

Moderat

e 

Non-

parametric 

ρ Spearman's Rank test 0.421 0.242 0.513 0.39 

Comment Modera

te 

Weak  Mode

rate 

Weak 

Mann-Kendall with 

Theil-Sen trend line 
0.292 0.166 0.370 

0.28 

Comment Weak  Weak  Weak Weak 

 

Stationarity 

Parametric 

Dickey-Fuller 0.188 0.043 0.049 0.09 

Comment 
Reject Accept 

Accep

t 
Accept 

Non-

parametric 

Runs test 0.072 0.411 0.250 0.24 

Comment 
Reject Accept 

Accep

t 
Accept 
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6.5.2 Generated Equations from the Widely used Frequency Distribution 

Functions of Rub' Al Khali Basin, Based on the Yearly Averaged Rainfall Dataset 

from 1981 fo 2018 

Table 6. 20: Generated equations from the widely used frequency distribution 

functions of Rub' Al Khali Basin, based on the yearly averaged rainfall dataset from 

1981 to 2018 

Name Equation p-value Selected 

Normal, 𝑥 = 30.1. +.23.1 z 0.26 

Pearson Type-

III 

log-Normal log(x). = 1.3665. +.0.3258 z 0.19 

Pearson Type-

III  

x = 30.1+23.1 K 0.65 

6.5.3 Details of the Suggested ARIMA Models and their AIC Scores for Rub' Al 

Khali Basin, Based on the Yearly Averaged Rainfall Dataset from 1981 to 2018 

Table 6. 21: Details of the suggested ARIMA models and their AIC scores for Rub’ 

Al Khali Basin, based on the yearly averaged rainfall dataset from 1981 to 2018 

Model Name Test Results 
AIC score 

Commen

t 

ARIMA 

(p,q,r) σ2 m 

 (0,0,1) 483.29 2 106.00  

 (0,0,2) 474.23 3 107.69  

 (0,1,1) 383.55 3 104.19 √ 

 (0,1,2) 309.02 4 102.62 √ 

 (0,2,1) 623.70 4 114.21  

 (0,2,2) 555.96 5 114.31  

 (1,0,0) 464.94 2 105.36 √ 

 (1,0,1) 437.97 3 106.37  

 (1,0,2) 428.51 4 108.01  

 (1,1,0) 550.05 3 110.14  

 (1,1,1) 375.29 4 105.83  
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 (1,1,2) 354.39 5 106.88  

 (1,2,0) 1213.59 4 125.19  

 (1,2,1) 494.69 5 112.38  

 (1,2,2) 517.23 6 115.12  

 (2,0,0) 463.90 3 107.32  

 (2,0,2) 423.34 5 109.81  

 (2,1,0) 403.31 4 107.01  

 (2,1,1) 530.24 5 113.53  

 (2,1,2) 342.31 6 108.31  

 (2,2,0) 771.60 5 119.72  

 (2,2,1) 361.34 6 109.20  

 (2,2,2) 289.91 7 107.57  
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6.5.4 Building a Forecast Model by ARIMA for Rub' Al Khali Basin 

Table 6. 22: Building a forecast model by ARIMA for Ruba’ Al Khali Basin 

 

6.5.5 Detecting Appropriate MA Time Window with its Linear Trend Equation of Rub' Al Khali Basin Based on the Yearly Averaged 

Rainfall Dataset from 1981 to 2018  

Table 6. 23: Detecting appropriate MA time window with its linear trend equation of Rub' Al Khali Basin based on the yearly averaged rainfall 

dataset from 1981 to 2018   

 

Years 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 Error Measures Weighted Mean Comment 

Observed (mm) 13 22 24 23 21 7 10 36 14 2 RMSE MAPE MAD 1 2 3   

ARIMA 

MODEL 

(0,1,2) 17 16 15 14 13 11 10 9 8 7 10.4 60.2 7.9 43.1 18.3 17.0 √ 

(0,1,1) 10 8 6 4 2 0 0 0 0 0 17.1 84.4 14.4 61.5 27.9 26.5   

(1,0,0) 29 33 35 36 36 36 37 37 37 37 20.4 290.7 17.9 200.2 65.0 63.8   

 

Moving  Average 

(MA) 

Time window Comment 

2 3 4 5 6 
R2 = 0.64 

selected 

MA(6) 
Linear Trend Equation 

y = -1.29x + 

2619.2 

y = -1.26x + 

2551.4 
y = -1.19x + 2417.6 y = -1.16x + 2357 

y = -1.15x + 

2325.2 

R2 0.49 0.57 0.62 0.63 0.64 
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6.5.6 Detecting Wetness/Dryness of Rub' Al Khali Basin Based on the Yearly 

Averaged Rainfall Dataset from 1981 to 2018 

Table 6. 24: Detecting Wetness/Dryness of Rub' Al Khali Basin based on the yearly 

averaged rainfall dataset from 1981 to 2018 

The mean value of the yearly averaged rainfall dataset from 1981 to 2018 of Rub' Al Khali 

Basin, that is used for the comparison is 30.1 mm 

Year 
Rainfall 

(mm) 
Wet\Dry 

 
Year 

Rainfall 

(mm) 

Wet\ 

Dry  
Year 

Rainfall 

(mm) 

Wet\ 

Dry 

1981 67 Wet 
 1994 30 Wet  2007 25 Dry 

1982 73 Wet 
 1995 35 Wet  2008 17 Dry 

1983 110 Wet 
 1996 33 Wet  2009 12 Dry 

1984 32 Wet 
 1997 31 Dry  2010 21 Dry 

1985 34 Wet 
 1998 22 Dry  2011 23 Dry 

1986 83 Wet 
 1999 8 Dry  2012 23 Dry 

1987 81 Wet  2000 11 Dry  2013 20 Dry 

1988 10 Dry 
 2001 12 Dry  2014 8 Dry 

1989 32 Wet  2002 30 Wet  2015 11 Dry 

1990 23 Dry  2003 21 Dry  2016 31 Wet 

1991 12 Dry  2004 38 Wet  2017 15 Dry 

1992 40 Wet 
 2005 19 Dry  2018 2 Dry 

1993 29 Dry 
 2006 20 Dry     

 

Wetness: total number above the mean=15 
Dry Spell 

  

Dryness: total number below the mean= 23   

 

 

 

 

 

 

 



74 

 

Chapter 7 

CONCLUSION AND RECOMMENDATIONS 

7.1 Conclusion  

In this study, Yemen as a whole is divided into four main geographical regions, with 

the help of the Thiessen polygon approach, where three representative stations for each 

region were determined hypothetically. For these stations 38-years (1981-2018) 

monthly rainfall data were gathered from POWER, 2019. Based on those three relevant 

stations, the arithmetic averages were used for establishing the yearly representative 

rainfall data-set for each region (basin).  

• Based on five statistical data quality tests; the homogeneity, the consistency, 

the normality, the trend and the stationarity; each basin dataset was tested and 

all gave acceptable results. 

• Among the three frequency distribution equations; Normal, log-Normal, and 

Pearson Type III, the best representative one was determined through the curve 

fitting approach for each basin.  

• To predict oncoming 3-years, 2019, 2020, and 2021 rainfall value for each 

basin, 27 versions of ARIMA models were used. Dataset from 1981 to 2008 

were used to train the models, and the last 10 successive years’ data values 

from 2009 to 2018 to test them. Among these 27 ARIMA models, those three 

models having the lowest AIC values were selected and tested through the 

appropriate statistical measures (RMSE, MAPE, and MAD) and based on their 
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lowest Weighted Means 1, 2, and 3), the appropriate ARIMA model was 

determined for each basin and the forecasted values were generated and 

tabulated in Table 7.1. 

Table 7. 1: Forecasted rainfall values of 2019, 2020, and 2021 of each meteorological 

district based on the relevant most representative time series models 

 

• From the Moving Average approach test with different time windows, it was 

determined that, for all the basins the slope of the linear line is –ve , implying 

a rainfall decrease of nearly 2.4 mm/year, 1.0 mm/year, 1.3 mm/year, and 1.2 

mm/year for the Red Sea Basin, the Arabian Sea Basin, the Gulf Aden Basin 

and the Rub' Al Khali Basin, respectively. 

• For all four basins, their annual rainfall datasets were studied based on the 

comparison of each single data with the average value of that dataset and 

commented. In fact, it was determined that, all the basins were under severe 

dryness. 

 

Regions Models 

Years 

2019 2020 2021 

Red Sea Basin ARIMA(0,1,1) 63.3 59.8 56.3 

Arab Sea Basin ARIMA(0,1,1) 43 40 38 

Gulf Aden  Basin ARIMA(2,1,2) 16 22 14 

Rub’ Al Khali Basin ARIMA(0,1,2) 4.2 4.1 2.7 
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Table 7. 2: The Synopsis of the yearly averaged rainfall data  test results with the suggested frequency distribution and time-series models for each 

meteorological district 

 

 

 

Basins 

(Districts) 

Quality Check Test 
Suggested  

Trend 

Spell  
Frequency Distribution Model 

Homogeneity 
Normality

, 

Consistency

, 
Trend 

Stationarit

y 
Name Equation 

ARIM

A 
Name  Equation 

Red Sea  Accept Accept Accept Yes Yes  Normal 
x =
135. +.87.9 z  

(0,1,1)  MA(6) 
y = -2.38x + 

4894.9 

68% 

Dry 

Arab Sea  Accept Accept Accept Yes No  Normal 
x =
29.1. +.22.9 z  

(0,1,1) MA(5)  
y = -1.04x + 

2113.6 

68% 

Dry 

Gulf Aden  Accept Accept Accept Yes Yes 
 Pearson 

Type-III 
x = 49.0 + 39.5 K  (2,1,2)  MA(6) 

y = -1.26x + 

2579.1  

71% 

Dry 

Rub' Al 

Khali  
Accept Accept Accept No Yes 

Pearson Type-

III  
x = 30.1 + 23.1 K (0,1,2) MA(6) 

y = -1.15x + 

2325.2  

61% 

Dry 
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7.2 Recommendation 

• Further investigation on rain harvesting with an appropriate technique might 

be a good start for overcoming the existing water shortage coupled with rapid 

increase in population. 

• If there is a potential analysis in this field, it is better to take each basin 

separately by increasing the number of stations. 

• Attention to integrated water resource management in Yemen and focus on it 

is very important to mitigate the effects of future challenges represented by 

the water imbalance between consumption and demand, and annual decrease 

rainfall. 
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Appendix1: Rainfall Data Details and Simple Statistical Measures of 

the Basins 

1.1 Red Sea Basin 

1.1.1 Red Sea Basin, Monthly Rainfall Data of the Representative Station RSB001 

from 1981 to 2018 in (mm) 

Table 1: Red Sea Basin, Monthly Rainfall Data of the Representative Station RSB001 

from 1981 to 2018 in (mm) M
o
n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g
u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

1981 0 0 40 3 28 0 3 14 1 1 0 0 90 

1982 60 9 39 11 0 0 0 8 3 1 7 7 145 

1983 2 27 7 18 9 10 9 8 1 8 4 3 106 

1984 3 2 3 1 8 2 0 8 0 0 0 5 32 

1985 3 1 0 2 12 1 11 5 1 2 0 4 42 

1986 0 1 16 22 1 47 12 46 29 18 10 14 216 

1987 88 3 16 11 28 14 5 14 0 1 0 0 180 

1988 39 0 0 1 1 0 1 4 1 0 0 0 47 

1989 0 7 5 13 0 1 0 2 0 0 0 3 31 

1990 0 4 1 9 0 0 10 5 0 0 0 0 29 

1991 2 4 7 0 0 0 0 0 0 0 0 0 13 

1992 3 0 0 1 0 0 1 10 0 1 1 1 18 

1993 0 1 0 2 6 0 0 1 0 0 0 0 10 

1994 0 0 13 0 0 0 4 2 0 0 0 0 19 

1995 0 0 1 0 0 0 0 3 0 1 0 0 5 

1996 0 0 0 0 2 14 1 7 4 0 0 0 28 

1997 1 0 2 0 14 1 0 0 3 4 5 0 30 

1998 0 7 1 0 2 1 1 21 0 0 0 0 33 

1999 0 0 1 0 0 0 1 2 0 4 0 1 9 

2000 0 0 0 0 0 0 5 1 2 24 2 0 34 

2001 2 0 1 1 2 0 4 11 0 0 0 0 21 

2002 0 0 2 0 4 0 14 13 2 1 0 15 51 

2003 0 0 5 32 2 0 0 8 0 0 0 1 48 

2004 4 0 0 2 0 0 0 0 0 7 0 0 13 

2005 10 0 20 17 3 0 1 1 0 0 0 0 52 

2006 0 1 0 3 0 0 5 7 2 0 0 6 24 
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M
o
n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g
u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

2007 3 1 2 2 1 0 5 6 0 0 0 0 20 

2008 2 0 0 0 3 0 2 1 0 6 1 0 15 

2009 1 0 4 3 1 0 3 8 0 0 0 0 20 

2010 0 3 0 1 5 0 45 5 3 3 0 1 66 

2011 0 0 0 2 6 2 0 18 3 0 11 0 42 

2012 0 0 0 64 0 1 5 6 0 0 1 11 88 

2013 7 0 1 3 0 0 5 28 5 0 2 18 69 

2014 0 2 0 1 4 0 0 2 1 11 7 6 34 

2015 2 0 1 0 0 0 0 0 0 0 3 30 36 

2016 2 5 0 20 0 0 12 1 0 0 0 0 40 

2017 0 6 0 0 0 0 0 1 0 0 2 0 9 

2018 0 0 0 0 0 0 0 0 0 0 0 1 1 

Mean 6.2 2.2 4.9 6.4 3.7 2.5 4.3 7.3 1.6 2.4 1.5 3.3 46.5 

St.De

v 
17.5 4.7 9.5 12.1 6.7 8.1 7.8 8.9 4.7 5.1 2.8 6.3 46.4 

Skew 3.6 3.9 2.6 3.1 2.6 4.6 3.8 2.5 5.2 2.8 2.1 2.5 2.1 

Kurt

osis 
14.2 19.9 7.4 12.8 7.6 24.8 19.3 8.6 31.7 9.2 4.3 7.7 5.1 

 

1.1.2 Red Sea Basin, Monthly Rainfall Data of the Representative Station RSB002 

from 1981 to 2018 in (mm) 

Table 2: Red Sea Basin, Monthly Rainfall Data of the Representative Station RSB002 

from 1981 to 2018 in (mm) 

M
o
n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p

ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g
u

st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v

em
b

er 

D
ecem

b
er 

T
o
tal 

Year 

1981 0 0 20 23 128 19 70 39 29 10 0 0 
338 

1982 93 7 69 6 0 0 0 7 1 6 6 10 
205 

1983 2 57 3 45 14 10 14 13 1 64 2 5 
230 

1984 1 0 0 0 79 1 0 15 0 0 0 15 
111 

1985 2 0 0 1 24 1 28 3 1 0 0 1 
61 

1986 0 0 15 68 1 35 13 215 126 11 7 20 
511 

1987 46 2 24 70 24 7 2 8 2 10 0 0 
195 

1988 49 0 0 7 4 0 57 19 17 6 0 0 
159 

1989 8 27 11 88 0 3 3 37 2 0 0 7 
186 

1990 1 8 12 11 0 0 8 3 1 0 0 0 
44 
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M
o
n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g
u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

1991 1 18 5 0 0 0 0 0 0 5 1 15 
45 

1992 9 2 3 8 0 0 4 33 5 3 1 1 
69 

1993 0 1 0 17 62 0 5 3 0 0 11 0 
99 

1994 0 0 15 2 3 0 49 5 62 0 68 1 
205 

1995 0 8 44 5 12 0 18 10 1 149 2 10 
259 

1996 5 1 4 9 10 17 17 14 16 122 3 0 
218 

1997 1 0 10 5 48 12 23 26 23 29 10 0 
187 

1998 0 3 0 3 22 2 6 68 30 24 0 0 
158 

1999 1 0 5 3 1 2 13 8 4 15 0 1 
53 

2000 0 0 1 2 1 4 9 19 33 23 5 0 
97 

2001 0 0 15 3 4 1 16 31 6 2 0 0 
78 

2002 3 0 1 1 9 20 13 19 46 8 0 14 
134 

2003 1 0 2 16 1 7 4 36 22 5 0 24 
118 

2004 5 0 0 19 3 18 7 7 8 34 4 7 
112 

2005 15 0 7 65 22 0 11 25 4 0 1 0 
150 

2006 1 3 2 7 0 3 5 83 17 11 1 8 
141 

2007 5 1 6 3 40 4 27 24 6 0 0 1 
117 

2008 3 0 0 1 9 16 20 13 5 7 1 0 
75 

2009 0 0 6 25 7 1 11 42 3 1 0 0 
96 

2010 0 13 6 3 34 58 79 25 2 5 0 1 
226 

2011 0 0 1 7 35 2 5 25 11 0 7 1 
94 

2012 0 0 2 45 13 2 21 12 4 1 0 3 
103 

2013 1 0 14 2 0 0 11 64 6 7 2 20 
127 

2014 1 1 0 6 13 10 4 26 39 61 4 4 
169 

2015 3 1 0 0 4 4 2 8 1 1 4 34 
62 

2016 2 6 0 17 5 1 57 22 1 2 0 0 
113 

2017 0 7 1 2 5 0 3 5 2 0 3 0 
28 

2018 0 0 0 0 0 0 0 0 0 0 0 0 
0 

Mean 6.8 4.4 8.0 15.7 16.8 6.8 16.7 26.6 14.1 16.4 3.8 5.3 
141.

4 

St.De
v 

17.7 10.3 13.3 22.5 25.8 11.4 19.6 36.1 23.4 32.0 10.9 8.1 92.6 

Skew 3.7 3.8 3.0 1.9 2.6 2.8 1.8 3.8 3.1 2.9 5.3 1.8 1.8 

Kurt

osis 
15.4 18.0 11.8 2.9 8.6 10.1 2.9 19.3 13.1 9.6 32.6 3.1 5.6 
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1.1.3 Red Sea Basin, Monthly Rainfall Data of the Representative Station RSB003 

from 1981 to 2018 in (mm) 

Table 3: Red Sea Basin, Monthly Rainfall Data of the Representative Station RSB003 

from 1981 to 2018 in (mm) M
o
n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g
u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

1981 1 0 16 36 99 49 157 50 45 5 0 1 459 

1982 134 11 80 2 0 0 0 9 0 10 4 37 287 

1983 5 130 1 78 17 18 39 27 1 29 1 6 352 

1984 0 0 0 0 93 0 0 67 0 0 0 12 172 

1985 1 0 0 2 22 1 51 2 1 0 0 1 81 

1986 0 0 6 39 1 10 18 367 365 6 5 27 844 

1987 16 1 24 55 18 5 2 6 7 11 0 0 145 

1988 81 0 0 12 5 0 73 28 26 13 0 0 238 

1989 12 34 24 92 0 4 5 50 3 0 2 14 240 

1990 2 5 12 12 0 0 5 1 1 0 0 0 38 

1991 0 25 6 0 0 0 0 1 0 5 2 17 56 

1992 23 11 6 20 0 3 17 34 10 3 1 1 129 

1993 1 2 0 32 64 0 15 6 0 0 44 0 164 

1994 0 0 9 3 3 6 124 5 62 0 121 2 335 

1995 0 39 82 11 23 0 42 12 2 100 7 16 334 

1996 11 1 9 10 14 22 37 18 23 52 2 0 199 

1997 4 0 23 7 55 41 90 97 30 29 8 0 384 

1998 1 2 1 6 5 5 21 93 51 37 0 0 222 

1999 3 1 17 2 7 6 41 22 5 29 1 1 135 

2000 0 0 1 3 2 13 8 32 46 30 2 0 137 

2001 0 0 27 4 5 2 33 34 10 5 0 0 120 

2002 5 0 1 3 14 23 22 30 73 10 0 27 208 

2003 2 0 0 4 2 18 17 52 33 4 0 27 159 

2004 10 0 1 25 5 36 6 16 18 35 13 28 193 

2005 14 0 1 146 42 1 23 50 7 0 3 0 287 

2006 8 4 2 9 1 6 12 142 44 8 3 5 244 

2007 6 0 21 5 78 9 48 36 12 1 4 1 221 

2008 7 0 0 1 18 46 48 24 10 8 0 0 162 

2009 0 0 5 21 13 5 15 60 9 3 0 0 131 

2010 0 28 10 4 66 76 78 37 2 6 0 1 308 

2011 0 1 2 10 50 15 13 28 15 2 6 0 142 
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M
o
n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g
u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

2012 1 0 2 110 19 16 56 28 5 1 0 2 240 

2013 0 0 26 2 0 0 26 78 11 16 1 2 162 

2014 1 1 0 13 25 48 22 44 72 68 1 0 295 

2015 2 2 0 0 15 19 5 45 2 1 5 29 125 

2016 3 8 0 18 17 3 55 39 5 9 1 0 158 

2017 0 5 4 7 30 2 13 11 8 2 5 0 87 

2018 0 0 0 1 0 0 0 0 0 1 0 0 2 

Mean 9.3 8.2 11.0 21.2 21.8 13.4 32.6 44.2 26.7 14.2 6.4 6.8 
215.

7 

St.De
v 

24.5 22.3 18.6 32.7 26.8 17.7 34.3 60.8 59.4 21.1 20.2 10.8 
142.
1 

Skew 4.1 4.4 2.8 2.3 1.5 1.8 1.8 4.0 4.9 2.4 5.0 1.4 2.3 

Kurto

sis 
19.2 24.0 8.9 5.8 1.6 3.2 4.1 21.0 28.6 6.8 28.4 0.9 9.0 

 

1.1.4 Monthly Averaged Rainfall Data Based on 3 Representative Stations with 

Basic Statistical Measures of Red Sea Basin from 1981 to 2018 in (mm) 

Table 4: Monthly Averaged Rainfall Data Based on 3 Representative Stations with 

Basic Statistical Measures of Red Sea Basin from 1981 to 2018 in (mm) 

M
o

n
th

 

Jan
u

ary
 

F
eb

ru
ary

 

M
arch

 

A
p

ril 

M
ay

 

Ju
n

e 

Ju
ly

 

A
u

g
u

st 

S
ep

tem
b
er 

O
cto

b
er 

N
o

v
em

b
er 

D
ecem

b
er 

T
o

tal 

Year 

1981 0 0 26 21 85 23 77 34 25 6 0 0 297 

1982 96 9 63 6 0 0 0 8 1 6 6 18 213 

1983 3 71 4 47 13 13 21 16 1 34 2 4 229 

1984 1 1 1 0 60 1 0 30 0 0 0 11 105 

1985 2 0 0 2 20 1 30 3 1 1 0 2 62 

1986 0 1 12 43 1 31 14 209 173 12 7 20 523 

1987 50 2 22 45 23 9 3 10 3 7 0 0 174 

1988 57 0 0 7 3 0 44 17 15 7 0 0 150 

1989 7 23 13 64 0 3 3 30 2 0 1 8 154 

1990 1 6 8 11 0 0 7 3 1 0 0 0 37 

1991 1 16 6 0 0 0 0 1 0 3 1 11 39 

1992 12 5 3 9 0 1 7 26 5 2 1 1 72 

1993 0 1 0 17 44 0 7 3 0 0 18 0 90 

1994 0 0 12 2 2 2 59 4 42 0 63 1 187 
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1995 0 16 42 6 12 0 20 8 1 83 3 9 200 

1996 6 1 4 7 9 18 18 13 14 58 2 0 150 

1997 2 0 12 4 39 18 38 41 19 21 7 0 201 

1998 0 4 1 3 10 3 9 61 27 21 0 0 139 

1999 1 1 8 2 3 3 18 10 3 16 0 1 66 

2000 0 0 1 2 1 6 8 18 27 25 3 0 91 

2001 1 0 15 3 4 1 18 25 5 2 0 0 74 

2002 3 0 1 2 9 14 16 21 40 6 0 19 131 

2003 1 0 2 18 2 8 7 32 18 3 0 17 108 

2004 6 0 0 15 3 18 5 8 8 26 6 12 107 

2005 13 0 9 76 22 1 12 26 4 0 1 0 164 

2006 3 3 1 7 1 3 7 77 21 6 1 6 136 

2007 5 1 10 4 40 5 27 22 6 0 1 1 122 

2008 4 0 0 1 10 21 24 13 5 7 1 0 86 

2009 1 0 5 16 7 2 10 36 4 1 0 0 82 

2010 0 15 6 3 35 45 67 23 2 5 0 1 202 

2011 0 0 1 6 30 6 6 24 10 1 8 0 92 

2012 0 0 1 73 10 6 27 15 3 1 0 6 142 

2013 3 0 14 2 0 0 14 57 7 8 2 13 120 

2014 1 1 0 7 14 19 9 24 38 47 4 3 167 

2015 2 1 0 0 6 8 2 18 1 1 4 31 74 

2016 2 6 0 18 7 1 41 21 2 4 0 0 102 

2017 0 6 2 3 12 1 5 6 3 1 3 0 42 

2018 0 0 0 0 0 0 0 0 0 0 0 1 1 

Mean 
7.5 5.0 8.0 14.5 14.1 7.7 17.9 26.1 14.1 11.1 3.8 5.2 135.

0 

St.De

v. 

18.8 12.1 12.5 20.3 18.6 10.0 18.5 34.4 28.6 17.7 10.3 7.5 87.9 

Skew 3.5 4.3 2.8 1.9 2.0 1.8 1.6 4.0 4.5 2.5 5.0 1.6 2.2 

Kurt

osis 

13.9 23.2 10.0 2.9 4.8 4.0 2.5 21.2 25.3 7.0 29.4 2.5 9.0 

1.2 Arab Sea Basin 

1.2.1 Arab Sea Basin, Monthly Rainfall Data of the Representative Station 

ASB004 from 1981 to 2018 in (mm) 

Table 5: Arab Sea Basin, Monthly Rainfall Data of the Representative Station ASB004 

from 1981 to 2018 in (mm) M
o
n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p

ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u

g
u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o

v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

1981 0 0 33 2 40 0 4 21 0 1 0 0 101 
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M
o
n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g
u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

1982 57 13 33 16 0 0 0 9 3 1 8 8 148 

1983 2 26 7 17 5 11 6 4 1 9 3 4 95 

1984 2 1 3 0 8 1 0 5 0 0 0 5 25 

1985 2 0 0 1 10 1 8 4 0 1 0 3 30 

1986 0 1 14 18 1 37 6 40 25 15 9 13 179 

1987 79 2 13 11 19 10 2 12 0 1 0 0 149 

1988 34 0 0 1 1 0 2 2 1 0 0 0 41 

1989 0 6 6 15 0 1 0 2 0 0 0 2 32 

1990 0 5 1 7 0 0 12 6 0 0 0 0 31 

1991 1 4 7 0 0 0 0 0 0 0 0 0 12 

1992 2 0 0 1 0 0 0 15 0 2 1 2 23 

1993 0 2 0 2 9 0 0 1 0 0 0 0 14 

1994 0 0 16 0 0 0 7 3 0 0 0 0 26 

1995 0 0 1 0 0 0 0 3 0 0 0 0 4 

1996 0 0 0 0 2 17 1 6 4 0 0 0 30 

1997 1 0 3 0 10 1 0 0 3 4 7 0 29 

1998 0 4 0 0 3 1 2 26 0 0 0 0 36 

1999 0 0 1 0 0 0 1 3 0 4 0 2 11 

2000 0 0 0 0 0 1 7 1 1 18 2 1 31 

2001 1 0 2 1 2 0 4 6 0 0 0 0 16 

2002 0 0 2 1 7 0 12 12 2 0 0 9 45 

2003 0 0 3 22 1 0 0 7 0 0 0 0 33 

2004 2 0 0 2 0 0 0 0 0 8 1 0 13 

2005 7 0 19 16 2 0 2 2 0 0 0 0 48 

2006 0 0 0 4 0 0 4 10 2 0 0 3 23 

2007 1 1 2 1 2 1 7 9 0 0 0 0 24 

2008 1 0 0 0 4 0 3 2 0 9 1 0 20 

2009 1 0 1 4 0 0 4 8 0 0 0 0 18 

2010 0 3 0 2 6 0 32 6 2 3 0 1 55 

2011 0 0 1 2 4 2 1 18 1 0 6 0 35 

2012 0 0 0 58 0 1 6 6 0 0 0 5 76 

2013 3 0 1 4 0 0 7 28 4 0 2 8 57 

2014 0 1 0 1 6 0 0 2 2 6 5 4 27 

2015 0 0 0 0 0 0 0 0 0 0 1 13 14 

2016 1 2 0 20 0 0 6 4 0 0 0 0 33 

2017 0 4 1 0 0 0 0 1 0 0 1 0 7 
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M
o
n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g
u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

2018 0 0 0 0 0 0 0 0 0 0 0 0 0 

Mean 5.2 2.0 4.5 6.0 3.7 2.2 3.8 7.5 1.3 2.2 1.2 2.2 41.9 

St.De

v 
16.0 4.7 8.2 10.8 7.2 6.7 5.7 8.7 4.1 4.2 2.4 3.6 40.6 

Skew 3.6 3.9 2.4 3.1 3.6 4.0 3.2 2.0 5.2 2.3 2.1 1.8 2.0 

Kurt
osis 

14.1 18.7 5.9 13.1 16.6 19.6 14.7 4.5 31.5 5.7 3.7 2.9 3.9 

1.2.2 Arab Sea Basin, Monthly Rainfall Data of the Representative Station 

ASB005 from 1981 to 2018 in (mm) 

Table 6: Arab Sea Basin, Monthly Rainfall Data of the Representative Station ASB005 

from 1981 to 2018 in (mm) M
o
n

th
 

Jan
u

ary
 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g

u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v

em
b

er 

D
ecem

b
er 

T
o
tal 

Year 

1981 
0 0 13 0 2 0 4 3 0 0 0 0 22 

1982 
23 12 1 1 0 2 7 13 3 0 12 0 74 

1983 
5 22 1 26 3 3 5 18 2 0 0 0 85 

1984 
0 0 0 0 0 0 10 12 2 0 10 0 34 

1985 
1 0 0 0 0 1 12 10 0 0 4 0 28 

1986 
0 7 0 2 0 1 13 14 1 0 0 1 39 

1987 
2 0 12 2 0 1 1 7 0 0 0 0 25 

1988 
0 0 0 3 0 0 7 3 1 0 0 0 14 

1989 
0 0 26 1 0 1 5 1 0 0 0 11 45 

1990 
1 39 0 0 0 0 1 1 0 0 0 0 42 

1991 
0 0 0 0 0 1 1 2 0 0 0 0 4 

1992 
0 0 0 10 0 0 5 4 0 1 0 0 20 

1993 
0 3 0 4 6 0 1 3 0 0 0 0 17 

1994 
0 0 5 0 0 0 35 3 0 0 0 0 43 

1995 
3 0 18 0 0 0 5 1 1 0 0 0 28 

1996 
2 0 1 2 1 22 8 9 0 0 0 4 49 

1997 
0 0 6 0 0 0 1 2 0 0 0 0 9 

1998 
0 16 12 0 0 0 0 1 0 0 0 0 29 

1999 
0 0 0 0 0 0 0 1 0 5 0 0 6 

2000 
0 0 0 0 0 0 2 5 2 0 0 0 9 

2001 
0 0 6 0 0 0 2 8 0 0 0 0 16 

2002 
0 0 0 12 2 0 10 8 0 0 0 1 33 
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M
o
n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g
u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

2003 
0 0 0 1 0 0 8 10 6 0 1 0 26 

2004 
2 0 0 3 0 1 7 11 2 0 7 0 33 

2005 
0 0 1 1 0 1 3 1 0 0 0 0 7 

2006 
0 0 0 6 0 0 17 9 0 0 0 0 32 

2007 
0 0 5 0 7 5 4 9 1 0 0 0 31 

2008 
0 0 0 0 2 1 2 3 0 8 2 0 18 

2009 
0 0 0 0 0 0 3 1 3 0 0 0 7 

2010 
3 1 0 0 0 0 6 1 0 0 4 0 15 

2011 
0 1 0 0 0 1 2 5 0 0 7 0 16 

2012 
0 2 0 0 0 0 3 7 0 0 0 0 12 

2013 
0 0 2 0 0 0 3 3 0 0 0 0 8 

2014 
0 0 0 0 0 0 2 4 0 0 0 0 6 

2015 
0 0 0 0 0 0 5 4 3 0 1 0 13 

2016 
0 0 0 2 3 6 13 10 1 0 0 0 35 

2017 
0 0 1 1 1 1 6 3 0 0 0 0 13 

2018 
0 0 0 0 1 0 1 0 2 0 0 0 4 

Mean 1.1 2.7 2.9 2.0 0.7 1.3 5.8 5.5 0.8 0.4 1.3 0.4 24.9 

St.De

v 
3.8 7.6 5.8 4.7 1.6 3.7 6.3 4.4 1.3 1.5 2.9 1.9 18.0 

Skew 5.2 3.5 2.4 3.7 2.6 4.9 2.8 0.8 2.0 4.3 2.4 5.0 1.4 

Kurt

osis 
31.1 14.1 6.5 17.3 7.6 28.1 11.6 0.1 5.5 20.0 5.9 28.4 2.8 

 

1.2.3 Arab Sea Basin, Monthly Rainfall Data of the Representative Station 

ASB006 from 1981 to 2018 in (mm) 

Table 7: Arab Sea Basin, Monthly Rainfall Data of the Representative Station ASB006 

from 1981 to 2018 in (mm) M
o

n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n

e 

Ju
ly

 

A
u
g
u

st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

1981 0 0 9 1 21 0 1 13 0 0 0 2 47 

1982 33 23 6 9 0 0 2 10 3 3 20 1 110 

1983 4 27 4 11 1 9 4 4 1 0 0 0 65 

1984 0 0 6 0 0 1 1 8 0 0 11 2 29 

1985 0 0 0 0 0 0 7 5 0 0 4 0 16 

1986 0 4 0 4 0 1 4 11 9 0 1 5 39 
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M
o
n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g
u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

1987 10 0 8 1 0 1 0 7 0 0 0 0 27 

1988 1 0 0 0 0 0 0 0 0 0 0 0 1 

1989 0 0 14 7 0 1 0 0 0 0 0 0 22 

1990 0 50 0 5 0 0 1 0 0 0 0 0 56 

1991 0 3 4 0 0 0 0 0 0 0 0 0 7 

1992 0 0 0 19 0 0 0 1 0 5 0 1 26 

1993 0 5 0 6 21 0 0 0 0 0 0 0 32 

1994 0 0 10 0 0 0 7 0 0 0 0 0 17 

1995 0 0 41 2 0 0 1 0 0 0 0 0 44 

1996 1 0 0 3 0 18 7 4 0 0 0 0 33 

1997 0 0 7 0 0 0 0 0 3 0 0 0 10 

1998 0 20 10 0 0 0 0 1 0 0 0 0 31 

1999 0 1 0 0 0 0 0 0 0 0 0 0 1 

2000 0 0 0 0 0 0 0 0 0 0 0 0 0 

2001 0 0 11 0 0 0 0 5 0 0 0 0 16 

2002 0 0 0 9 0 0 1 8 0 0 0 0 18 

2003 0 0 0 0 0 0 0 13 0 0 0 0 13 

2004 0 0 0 5 0 0 0 0 0 0 36 0 41 

2005 0 0 0 9 0 0 1 0 0 0 0 0 10 

2006 0 0 0 9 0 0 0 0 0 0 0 0 9 

2007 0 0 0 0 0 0 1 1 0 0 0 0 2 

2008 0 0 0 0 1 0 0 0 0 2 0 0 3 

2009 0 0 0 0 0 0 0 0 0 0 0 0 0 

2010 0 0 0 1 0 0 0 0 0 0 0 0 1 

2011 0 1 0 1 4 0 0 0 0 0 5 0 11 

2012 0 0 0 1 0 0 0 7 0 0 0 0 8 

2013 0 0 1 0 0 0 2 4 0 0 0 0 7 

2014 0 0 0 0 0 0 0 5 3 0 0 0 8 

2015 0 0 1 0 0 0 0 0 0 0 0 1 2 

2016 0 0 0 3 0 0 1 7 0 0 0 0 11 

2017 0 0 2 0 0 0 2 0 0 0 0 0 4 

2018 0 0 0 0 0 0 0 0 0 0 0 0 0 

Mean 1.3 3.5 3.5 2.8 1.3 0.8 1.1 3.0 0.5 0.3 2.0 0.3 20.4 

St.De

v 

5.5 9.9 7.3 4.3 4.7 3.2 2.0 4.0 1.6 1.0 6.7 0.9 22.2 

Skew 5.2 3.3 3.6 1.9 3.9 4.6 2.1 1.1 4.1 3.9 4.0 3.8 2.0 

Kurto

sis 

30.6 12.9 17.8 4.2 15.5 23.8 3.9 0.2 20.2 16.5 18.4 17.7 5.7 
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1.2.4 Monthly Averaged Rainfall Data Based on 3 Representative Stations with 

Basic Statistical Measures of Arab Sea Basin from 1981 to 2018 in (mm) 

Table 8: Monthly Averaged Rainfall Data Based on 3 Representative Stations with 

Basic Statistical Measures of Arab Sea Basin from 1981 to 2018 in (mm) M
o
n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g
u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

1981  0 21 13 47 16 55 25 15 2 0 0 57 

1982 71 12 38 6 0 1 2 10 2 4 8 15 111 

1983 4 59 3 40 8 11 17 16 1 13 1 3 82 

1984 1 0 1 0 34 0 3 28 1 0 3 6 29 

1985 1 0 0 1 11 1 24 5 0 0 1 1 25 

1986 0 3 7 20 1 16 12 140 130 7 5 14 86 

1987 32 1 16 23 12 5 2 8 2 4 0 0 67 

1988 38 0 0 5 2 0 27 11 9 4 0 0 19 

1989 4 13 19 36 0 2 3 18 1 0 1 9 33 

1990 1 16 4 6 0 0 6 3 0 0 0 0 43 

1991 0 10 4 0 0 0 0 1 0 2 1 6 8 

1992 8 4 2 10 0 1 7 18 3 2 1 1 23 

1993 0 2 0 13 26 0 5 3 0 0 15 0 21 

1994 0 0 10 1 1 2 55 4 21 0 40 1 29 

1995 1 13 34 4 8 0 16 5 1 33 2 5 25 

1996 4 0 3 4 6 20 15 11 9 17 1 1 37 

1997 2 0 11 2 22 14 30 33 11 11 5 0 16 

1998 0 7 4 2 3 2 8 40 17 12 0 0 32 

1999 1 0 6 1 2 2 14 9 2 13 0 1 6 

2000 0 0 0 1 1 5 6 13 16 16 1 0 13 

2001 0 0 12 2 2 1 13 16 3 2 0 0 16 

2002 2 0 1 5 8 8 15 17 25 3 0 12 32 

2003 1 0 1 9 1 6 8 23 13 1 0 9 24 

2004 5 0 0 10 2 12 4 9 7 14 7 9 29 

2005 7 0 7 54 15 1 9 18 2 0 1 0 22 

2006 3 1 1 6 0 2 11 54 15 3 1 3 21 

2007 2 0 9 2 29 5 20 18 4 0 1 0 19 

2008 3 0 0 0 8 16 18 10 3 8 1 0 14 

2009 0 0 2 8 4 2 7 23 4 1 0 0 8 

2010 1 11 3 2 24 25 39 15 1 3 1 1 24 

2011 0 1 1 4 18 6 5 17 5 1 6 0 21 

2012 0 1 1 56 6 6 22 14 2 0 0 2 32 
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2013 1 0 10 2 0 0 12 36 5 5 1 3 24 

2014 0 1 0 5 10 16 8 17 25 25 2 1 14 

2015 1 1 0 0 5 6 3 16 2 0 2 14 10 

2016 1 3 0 13 7 3 25 18 2 3 0 0 26 

2017 0 3 2 3 10 1 6 5 3 1 2 0 8 

2018 0 0 0 0 0 0 0 0 1 0 0 0 1 

Mean 1.3 3.5 3.5 2.8 1.3 0.8 1.1 3.0 0.5 0.3 2.0 0.3 29.1 

St.De

v 
5.5 9.9 7.3 4.3 4.7 3.2 2.0 4.0 1.6 1.0 6.7 0.9 22.8 

Skew 5.2 3.3 3.6 1.9 3.9 4.6 2.1 1.1 4.1 3.9 4.0 3.8 2.0 

Kurto

sis 
30.6 12.9 17.8 4.2 15.5 23.8 3.9 0.2 20.2 16.5 18.4 17.7 5.7 

1.3 Gulf Aden Basin 

1.3.1 Gulf Aden Basin, Monthly Rainfall Data of the Representative Station 

GAB007 from 1981 to 2018 in (mm) 

Table 9: Gulf Aden Basin, Monthly Rainfall Data of the Representative Station 

GAB007 from 1981 to 2018 in (mm) M
o

n
th

 

Jan
u

ary
 

F
eb

ru
ary

 

M
arch

 

A
p

ril 

M
ay

 

Ju
n

e 

Ju
ly

 

A
u

g
u

st 

S
ep

tem
b
er 

O
cto

b
er 

N
o

v
em

b
er 

D
ecem

b
er 

T
o

tal 

Year 

1981 3 0 20 7 24 1 57 10 1 3 0 0 126 

1982 206 20 17 7 0 0 0 26 0 17 8 8 309 

1983 2 44 0 21 1 50 1 1 0 10 0 4 134 

1984 0 0 0 0 9 0 0 5 0 0 0 5 19 

1985 1 0 0 0 4 0 7 1 0 0 0 3 16 

1986 0 0 10 17 0 11 1 34 33 10 9 13 138 

1987 20 1 8 35 2 2 0 5 1 8 0 0 82 

1988 15 0 0 8 5 0 20 1 26 3 0 0 78 

1989 5 24 15 43 0 9 5 19 1 0 1 2 124 

1990 2 7 5 12 0 0 3 0 0 0 0 0 29 

1991 0 15 8 0 0 0 0 0 0 1 4 0 28 

1992 22 8 8 28 1 0 5 7 5 3 2 2 91 

1993 2 4 0 11 14 0 2 1 0 0 14 0 48 

1994 0 0 14 3 0 1 12 1 5 0 20 0 56 

1995 0 14 28 9 1 0 6 10 3 29 0 0 100 

1996 9 1 5 5 16 29 4 18 36 12 1 0 136 

1997 1 0 3 0 5 3 13 4 14 28 5 0 76 

1998 1 0 1 2 0 1 3 19 5 2 0 0 34 

1999 0 2 15 1 2 2 3 12 1 33 2 2 75 
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M
o
n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g
u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

2000 0 0 0 6 3 20 18 5 5 17 0 1 75 

2001 0 0 8 1 4 2 22 10 0 1 0 0 48 

2002 5 0 0 1 16 3 12 15 51 1 0 9 113 

2003 2 0 0 1 2 1 0 4 5 0 0 0 15 

2004 1 0 0 7 4 4 1 0 1 17 14 0 49 

2005 9 0 0 21 33 1 12 41 1 0 3 0 121 

2006 1 3 1 7 0 2 10 26 12 1 0 3 66 

2007 8 0 7 4 7 5 12 15 4 0 10 0 72 

2008 3 0 0 0 8 3 11 5 4 7 0 0 41 

2009 0 0 1 6 2 4 7 28 6 3 0 0 57 

2010 0 13 4 2 22 58 12 14 0 1 0 1 127 

2011 0 1 1 7 3 3 5 15 3 0 4 0 42 

2012 0 0 1 14 1 2 10 8 1 1 0 5 43 

2013 0 0 5 1 0 0 13 15 5 5 2 8 54 

2014 1 2 0 4 4 9 5 10 18 17 1 4 75 

2015 0 1 0 0 5 3 1 12 1 0 2 13 38 

2016 2 4 0 12 4 1 11 8 2 4 0 0 48 

2017 0 2 1 1 10 0 4 4 2 1 3 0 28 

2018 0 0 0 0 0 0 0 0 0 0 0 0 0 

Mean 8.4 4.4 4.9 8.0 5.6 6.1 8.1 10.8 6.6 6.2 2.8 2.2 74.0 

St.De

v 
32.9 8.8 6.7 9.9 7.5 12.7 9.9 9.9 11.4 8.8 4.7 3.6 54.0 

Skew 5.7 2.9 1.6 1.9 2.0 3.0 3.1 1.2 2.4 1.6 2.1 1.8 2.1 

Kurt

osis 
35.9 10.3 2.6 3.9 4.1 9.9 14.7 1.3 6.3 2.2 4.5 2.9 8.1 

 

1.3.2 Gulf Aden Basin, Monthly Rainfall Data of the Representative Station 

GAB008 from 1981 to 2018 in (mm) 

Table 10: Gulf Aden Basin, Monthly Rainfall Data of the Representative Station 

GAB008 from 1981 to 2018 in (mm) M
o

n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p

ril 

M
ay

 

Ju
n

e 

Ju
ly

 

A
u

g
u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o

v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

1981 
3 0 16 7 22 0 50 8 0 2 0 1 109 

1982 
173 20 12 8 0 0 0 23 0 8 14 13 271 

1983 
1 31 0 14 0 44 0 0 0 6 0 3 99 
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M
o
n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g
u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

1984 
0 0 0 0 5 0 0 0 0 0 1 6 12 

1985 
1 0 0 0 0 0 9 1 0 0 0 0 11 

1986 
0 0 8 8 0 6 0 17 21 7 7 10 84 

1987 
12 0 6 30 1 2 0 5 1 8 0 0 65 

1988 
7 0 0 4 3 0 17 0 25 1 0 0 57 

1989 
4 18 9 39 0 9 4 11 0 0 1 8 103 

1990 
1 11 4 19 0 0 2 0 0 0 0 0 37 

1991 
0 11 7 0 0 0 0 0 0 0 3 4 25 

1992 
15 5 6 21 0 0 3 5 4 4 1 2 66 

1993 
1 5 0 9 10 0 1 0 0 0 7 0 33 

1994 
0 0 13 2 0 0 8 0 0 0 6 4 33 

1995 
0 8 19 6 0 0 5 8 3 14 0 12 75 

1996 
7 1 2 3 11 26 2 14 30 7 1 0 104 

1997 
0 0 1 0 3 1 8 1 7 26 3 0 50 

1998 
1 3 2 1 0 1 1 12 2 0 0 0 23 

1999 
0 4 9 1 2 1 1 7 0 16 2 2 45 

2000 
0 0 0 5 2 13 14 4 3 7 0 0 48 

2001 
0 0 8 0 2 1 16 6 0 0 0 0 33 

2002 
4 0 0 2 7 1 6 19 27 1 0 0 67 

2003 
1 0 0 0 4 0 0 4 3 0 0 15 27 

2004 
0 0 0 4 3 1 1 0 0 15 21 5 50 

2005 
7 0 0 6 17 0 4 30 0 0 0 0 64 

2006 
1 1 0 3 0 0 8 12 4 0 0 2 31 

2007 
11 0 1 1 2 3 8 9 1 0 12 0 48 

2008 
2 0 0 0 5 1 5 2 1 6 0 0 22 

2009 
0 0 0 2 1 2 3 18 6 4 0 0 36 

2010 
0 8 1 2 9 40 4 4 0 0 0 0 68 

2011 
0 2 0 6 0 1 3 9 1 0 2 0 24 

2012 
0 0 0 5 0 0 3 2 0 0 0 0 10 

2013 
0 0 2 0 0 0 9 5 2 2 1 0 21 

2014 
1 1 0 1 1 4 2 5 5 13 0 0 33 

2015 
0 0 0 0 1 1 0 1 0 0 0 3 6 

2016 
0 0 0 6 0 0 2 5 1 2 0 0 16 

2017 
0 0 2 0 1 0 1 2 0 0 0 0 6 

2018 
0 0 0 0 0 0 0 0 0 0 0 0 0 

Mean 6.7 3.4 3.4 5.7 2.9 4.2 5.3 6.6 3.9 3.9 2.2 2.4 50.3 
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M
o
n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g
u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

St.De

v 
27.6 6.7 5.0 8.5 4.9 10.1 8.6 7.1 7.8 5.9 4.5 4.0 46.4 

Skew 5.8 2.5 1.5 2.4 2.3 3.0 3.8 1.4 2.4 1.9 2.7 1.8 2.8 

Kurto

sis 
36.5 7.5 1.9 6.7 6.3 9.5 19.3 2.0 5.3 4.0 8.3 2.8 12.6 

1.3.3 Gulf Aden Basin, Monthly Rainfall Data of the Representative Station 

GAB009 from 1981 to 2018 in (mm) 

Table 11: Gulf Aden Basin, Monthly Rainfall Data of the Representative Station 

GAB009 from 1981 to 2018 in (mm) M
o
n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g
u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

1981 1 0 3 10 19 0 7 7 1 1 0 5 54 

1982 51 18 11 8 0 0 1 9 1 4 24 2 129 

1983 2 26 0 7 0 10 2 3 0 0 0 0 50 

1984 0 0 0 0 1 1 1 3 0 0 9 4 19 

1985 2 0 0 0 0 0 9 4 0 0 2 0 17 

1986 0 1 0 7 0 1 2 12 12 0 1 7 43 

1987 7 0 3 12 0 3 0 6 0 2 0 0 33 

1988 4 0 0 0 1 0 2 0 2 0 0 0 9 

1989 0 2 16 17 0 3 1 2 0 1 0 0 42 

1990 3 12 0 16 0 0 0 0 0 0 0 0 31 

1991 0 6 6 0 0 0 0 0 0 0 0 0 12 

1992 2 0 1 13 0 0 1 3 0 6 0 1 27 

1993 0 5 0 8 10 0 0 0 0 0 2 0 25 

1994 0 0 13 0 0 0 7 0 0 0 1 0 21 

1995 0 1 22 2 0 0 1 0 0 2 0 1 29 

1996 3 0 0 3 1 31 1 8 5 2 0 0 54 

1997 0 0 7 1 0 0 0 0 4 1 0 0 13 

1998 0 48 18 0 0 0 2 3 1 0 0 0 72 

1999 0 4 0 0 0 0 3 0 0 0 0 0 7 

2000 0 0 0 0 0 0 1 1 0 0 0 0 2 

2001 0 0 8 0 0 0 0 2 0 0 0 3 13 

2002 0 0 0 8 0 0 2 16 1 0 0 0 27 

2003 0 0 0 2 1 0 0 6 0 0 0 2 11 

2004 0 0 0 4 0 0 0 0 0 1 30 3 38 
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M
o
n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g
u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

2005 1 0 0 11 1 0 1 1 0 0 0 0 15 

2006 0 0 0 3 0 0 4 1 0 0 0 1 9 

2007 1 0 0 0 0 1 6 3 0 0 1 0 12 

2008 0 0 0 0 5 0 0 1 0 6 0 0 12 

2009 0 0 0 0 0 0 0 1 1 1 0 0 3 

2010 0 0 0 4 0 0 0 0 0 0 0 0 4 

2011 0 5 0 2 0 0 1 0 0 0 10 0 18 

2012 0 0 0 1 0 0 0 6 0 0 0 0 7 

2013 0 0 12 0 0 0 2 1 0 0 0 0 15 

2014 1 1 0 0 0 0 0 3 0 3 0 0 8 

2015 0 0 0 0 0 0 0 0 0 0 1 1 2 

2016 0 0 0 3 0 1 12 10 0 0 0 0 26 

2017 0 0 2 0 0 0 0 0 0 0 0 0 2 

2018 0 0 0 0 0 0 0 0 0 0 0 0 0 

Mean 2.1 3.4 3.2 3.7 1.0 1.3 1.8 2.9 0.7 0.8 2.1 0.8 24.0 

St.De

v 
8.2 9.1 5.8 4.9 3.4 5.2 2.8 3.8 2.1 1.5 6.3 1.6 24.1 

Skew 5.6 3.6 1.8 1.2 4.2 5.1 2.1 1.6 4.1 2.3 3.5 2.3 2.4 

Kurto

sis 
35.5 15.9 2.6 0.6 20.5 29.7 4.6 2.6 20.7 5.4 13.0 6.0 8.4 

 

1.3.4 Monthly Averaged Rainfall Data Based on 3 Representative Stations with 

Basic Statistical Measures of Gulf Aden Basin from 1981 to 2018 in (mm) 

Table 12: Monthly Averaged Rainfall Data Based on 3 Representative Stations with 

Basic Statistical Measures of Gulf Aden Basin from 1981 to 2018 in (mm) M
o
n
th

 

Jan
u

ary
 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g
u

st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v
em

b
er 

D
ecem

b
er 

T
o

tal 

Year 

1981 2 0 13 8 22 0 38 8 1 2 0 2 96 

1982 143 19 13 8 0 0 0 19 0 10 15 8 236 

1983 2 34 0 14 0 35 1 1 0 5 0 2 94 

1984 0 0 0 0 5 0 0 3 0 0 3 5 17 

1985 1 0 0 0 1 0 8 2 0 0 1 1 15 

1986 0 0 6 11 0 6 1 21 22 6 6 10 88 

1987 13 0 6 26 1 2 0 5 1 6 0 0 60 

1988 9 0 0 4 3 0 13 0 18 1 0 0 48 
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1989 3 15 13 33 0 7 3 11 0 0 1 3 90 

1990 2 10 3 16 0 0 2 0 0 0 0 0 32 

1991 0 11 7 0 0 0 0 0 0 0 2 1 22 

1992 13 4 5 21 0 0 3 5 3 4 1 2 61 

1993 1 5 0 9 11 0 1 0 0 0 8 0 35 

1994 0 0 13 2 0 0 9 0 2 0 9 1 37 

1995 0 8 23 6 0 0 4 6 2 15 0 4 68 

1996 6 1 2 4 9 29 2 13 24 7 1 0 98 

1997 0 0 4 0 3 1 7 2 8 18 3 0 46 

1998 1 17 7 1 0 1 2 11 3 1 0 0 43 

1999 0 3 8 1 1 1 2 6 0 16 1 1 42 

2000 0 0 0 4 2 11 11 3 3 8 0 0 42 

2001 0 0 8 0 2 1 13 6 0 0 0 1 31 

2002 3 0 0 4 8 1 7 17 26 1 0 3 69 

2003 1 0 0 1 2 0 0 5 3 0 0 6 18 

2004 0 0 0 5 2 2 1 0 0 11 22 3 46 

2005 6 0 0 13 17 0 6 24 0 0 1 0 67 

2006 1 1 0 4 0 1 7 13 5 0 0 2 35 

2007 7 0 3 2 3 3 9 9 2 0 8 0 44 

2008 2 0 0 0 6 1 5 3 2 6 0 0 25 

2009 0 0 0 3 1 2 3 16 4 3 0 0 32 

2010 0 7 2 3 10 33 5 6 0 0 0 0 66 

2011 0 3 0 5 1 1 3 8 1 0 5 0 28 

2012 0 0 0 7 0 1 4 5 0 0 0 2 20 

2013 0 0 6 0 0 0 8 7 2 2 1 3 30 

2014 1 1 0 2 2 4 2 6 8 11 0 1 39 

2015 0 0 0 0 2 1 0 4 0 0 1 6 15 

2016 1 1 0 7 1 1 8 8 1 2 0 0 30 

2017 0 1 2 0 4 0 2 2 1 0 1 0 12 

2018 0 0 0 0 0 0 0 0 0 0 0 0 0 

Mean 5.7 3.7 3.8 5.8 3.2 3.9 5.1 6.8 3.7 3.6 2.4 1.8 49 

St.De

v 
22.9 7.0 5.3 7.4 4.8 8.6 6.5 6.1 6.8 5.0 4.5 2.3 39.5 

Skew 5.7 2.6 1.7 2.0 2.3 2.8 3.4 1.1 2.3 1.5 2.7 1.7 2.8 

Kurt

osis 
36.3 8.1 3.2 4.5 5.8 7.8 16.5 0.8 4.9 1.5 8.9 3.3 

12.0

6 
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1.4 Rub' Al Khali Basin 

1.4.1 Rub' Al Khali Basin, Monthly Rainfall Data of the Representative Station 

RKB010 from 1981 to 2018 in (mm) 

Table 13: Rub' Al Khali Basin, Monthly Rainfall Data of the Representative Station 

RKB010 from 1981 to 2018 in (mm) M
o
n
th

 

Jan
u
ary

 

F
eb

ru
ary

 

M
arch

 

A
p
ril 

M
ay

 

Ju
n
e 

Ju
ly

 

A
u
g
u
st 

S
ep

tem
b
er 

O
cto

b
er 

N
o
v
em

b
er 

D
ecem

b
er 

T
o
tal 

Year 

1981 0 0 63 5 36 0 17 23 0 1 0 0 145 

1982 27 11 7 7 0 0 1 8 7 3 10 9 90 

1983 2 45 14 21 9 9 6 4 1 7 6 1 125 

1984 6 3 10 1 2 2 0 9 0 0 2 4 39 

1985 1 2 0 4 12 4 14 6 1 3 1 6 54 

1986 0 3 14 23 2 11 16 45 23 15 8 12 172 

1987 81 3 18 9 35 14 4 19 0 0 0 0 183 

1988 2 1 0 1 0 0 0 2 0 0 0 0 6 

1989 0 0 3 10 0 0 0 0 0 0 0 1 14 

1990 0 3 1 8 1 0 5 1 0 0 0 0 19 

1991 1 3 14 1 2 0 0 0 0 3 0 0 24 

1992 2 1 1 1 0 0 1 48 0 4 2 3 63 

1993 1 4 0 14 16 0 0 1 0 0 0 0 36 

1994 0 0 3 0 0 0 14 6 0 0 0 0 23 

1995 2 0 1 0 0 0 3 2 0 0 0 0 8 

1996 0 0 2 0 0 5 2 6 0 0 0 0 15 

1997 1 0 29 0 8 5 0 0 1 2 13 0 59 

1998 0 6 1 1 14 1 0 9 0 0 0 0 32 

1999 2 0 2 0 0 0 1 1 4 0 0 0 10 

2000 0 0 0 1 1 0 0 1 1 8 3 1 16 

2001 1 0 3 0 0 0 2 1 0 0 0 0 7 

2002 1 0 1 3 6 0 4 3 0 0 0 4 22 

2003 0 0 1 5 0 0 0 7 0 0 0 0 13 

2004 3 0 0 15 0 0 0 0 0 2 1 0 21 

2005 5 0 7 7 1 0 0 1 0 0 0 0 21 

2006 0 0 0 3 2 0 1 2 0 0 0 1 9 

2007 2 0 0 3 0 0 4 3 0 0 0 0 12 

2008 0 0 0 0 1 0 2 0 0 19 1 0 23 

2009 4 0 1 1 1 0 2 13 0 0 0 0 22 

2010 0 4 0 0 6 0 13 3 3 0 0 0 29 
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S
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O
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b
er 

N
o
v
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b
er 

D
ecem

b
er 

T
o
tal 

Year 

2011 4 0 0 0 3 0 1 7 0 0 3 0 18 

2012 0 0 0 30 0 1 1 6 0 0 1 6 45 

2013 5 0 3 2 4 0 1 4 1 0 2 5 27 

2014 0 0 1 0 2 0 0 1 0 0 1 1 6 

2015 0 0 1 0 0 0 0 0 0 0 0 5 6 

2016 1 1 0 31 0 0 3 4 0 0 0 0 40 

2017 0 8 1 0 0 0 0 1 0 0 0 0 10 

2018 0 0 0 0 0 0 0 0 0 0 0 0 0 

Mean 4.1 2.6 5.3 5.4 4.3 1.4 3.1 6.5 1.1 1.8 1.4 1.6 38.5 

St.De

v 
13.4 7.4 11.4 8.2 8.4 3.2 4.8 10.7 3.8 4.1 2.9 2.8 44.9 

Skew 5.1 5.0 3.7 1.9 2.8 2.6 1.8 2.8 5.0 3.0 2.6 2.1 2.0 

Kurto

sis 
29.8 29.5 17.5 3.1 8.5 7.1 2.5 8.9 28.6 9.9 7.2 4.5 3.9 

 

1.4.2 Rub' Al Khali Basin, Monthly Rainfall Data of the Representative Station 

RKB011 from 1981 to 2018 in (mm) 

Table 14: Rub' Al Khali Basin, Monthly Rainfall Data of the Representative Station 

RKB011 from 1981 to 2018 in (mm) M
o

n
th

 

Jan
u

ary
 

F
eb

ru
ary

 

M
arch

 

A
p

ril 

M
ay

 

Ju
n

e 

Ju
ly

 

A
u

g
u

st 

S
ep

tem
b
er 

O
cto

b
er 

N
o

v
em

b
er 

D
ecem

b
er 

T
o

tal 

Year 

1981 
1 0 14 0 0 0 3 2 0 0 0 0 20 

1982 
16 6 1 0 0 3 5 7 2 0 5 1 46 

1983 
6 24 1 48 2 0 4 26 2 0 0 0 113 

1984 
0 0 0 0 1 1 9 10 2 0 5 0 28 

1985 
0 0 0 1 0 1 11 14 0 0 3 0 30 

1986 
0 9 0 2 0 1 13 14 0 0 0 0 39 

1987 
0 0 16 4 0 0 1 7 0 0 0 1 29 

1988 
0 0 0 9 0 0 8 5 1 0 0 0 23 

1989 
0 0 33 0 0 8 8 1 0 0 0 19 69 

1990 
1 9 0 0 0 0 2 2 0 0 0 0 14 

1991 
0 0 0 0 0 2 1 3 1 0 0 0 7 

1992 
0 0 0 12 0 0 11 4 1 0 0 0 28 

1993 
0 2 0 1 2 0 1 4 0 0 0 0 10 

1994 
0 0 1 0 1 0 43 5 0 0 0 0 50 
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b
er 

D
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b
er 

T
o
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Year 

1995 
6 0 16 0 0 0 6 3 3 0 0 0 34 

1996 
1 0 2 1 2 26 12 3 0 0 0 6 53 

1997 
0 0 8 0 0 0 3 4 0 0 0 0 15 

1998 
0 4 3 0 0 0 1 2 1 0 0 1 12 

1999 
0 0 0 0 0 0 1 2 0 10 0 0 13 

2000 
0 0 0 0 0 0 4 8 4 0 0 0 16 

2001 
0 0 2 0 0 0 4 7 0 0 0 0 13 

2002 
0 0 0 14 6 1 21 10 0 0 0 3 55 

2003 
0 0 0 2 0 0 16 9 7 0 1 0 35 

2004 
4 0 0 1 0 2 9 16 2 0 2 1 37 

2005 
0 0 3 0 0 3 4 2 0 0 0 0 12 

2006 
0 0 0 2 0 0 24 13 1 0 0 0 40 

2007 
0 0 17 0 14 11 7 13 1 0 1 0 64 

2008 
0 0 0 0 2 1 3 5 0 15 3 0 29 

2009 
2 0 1 0 0 0 4 2 6 0 0 0 15 

2010 
6 2 0 0 0 0 9 2 1 0 12 2 34 

2011 
0 0 0 1 1 1 3 16 2 1 12 0 37 

2012 
0 3 0 0 0 0 8 5 0 0 0 0 16 

2013 
0 0 6 0 0 1 8 4 0 0 0 2 21 

2014 
0 0 0 0 0 0 6 2 0 0 0 0 8 

2015 
0 0 0 0 0 0 9 6 5 0 2 0 22 

2016 
0 0 0 0 5 8 16 11 2 0 0 0 42 

2017 
0 0 0 2 2 3 14 7 1 0 0 0 29 

2018 
0 0 0 0 1 0 1 1 3 0 0 0 6 

Mea

n 
1.1 1.6 3.3 2.6 1.0 1.9 8.2 6.8 1.3 0.7 1.2 0.9 30.6 

St.De

v 
3.0 4.3 6.9 8.1 2.5 4.7 8.0 5.4 1.7 2.8 2.9 3.2 20.8 

Skew 3.6 3.9 2.7 4.7 3.9 3.9 2.4 1.4 1.7 4.3 2.9 4.9 1.7 

Kurt

osis 
16.0 18.9 8.5 26.5 18.6 18.8 8.7 2.7 3.0 19.4 9.2 28.3 5.1 

 

1.4.3 Rub' Al Khali Basin, Monthly Rainfall Data of the Representative Station 

RKB012 from 1981 to 2018 in (mm) 

Table 15: Rub' Al Khali Basin, Monthly Rainfall Data of the Representative Station 

RKB012 from 1981 to 2018 in (mm) 
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S
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b
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N
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b
er 

D
ecem

b
er 

T
o
tal 

Year 

1981 0 0 7 0 15 0 1 9 0 0 0 4 36 

1982 23 17 5 5 0 0 3 11 4 2 13 1 84 

1983 4 26 7 31 2 8 4 8 1 0 0 0 91 

1984 0 0 7 0 0 1 1 8 0 0 10 1 28 

1985 2 0 0 0 0 0 7 6 0 0 4 0 19 

1986 0 7 0 5 0 0 6 12 6 0 0 3 39 

1987 10 0 11 1 0 1 0 7 0 0 0 0 30 

1988 0 0 0 0 0 0 0 0 0 0 0 0 0 

1989 0 0 12 2 0 0 0 0 0 0 0 0 14 

1990 0 35 0 1 0 0 0 0 0 0 0 0 36 

1991 0 1 5 0 0 0 0 0 0 0 0 0 6 

1992 0 0 0 24 0 0 0 0 0 5 0 1 30 

1993 0 5 0 6 29 0 0 0 0 0 0 0 40 

1994 0 0 9 0 0 0 7 0 0 0 0 0 16 

1995 0 0 61 3 0 0 0 0 0 0 0 0 64 

1996 0 0 0 3 0 21 4 2 0 0 0 0 30 

1997 0 0 14 0 0 0 0 0 6 0 0 0 20 

1998 0 17 4 0 0 0 0 0 0 0 0 0 21 

1999 0 0 0 0 0 0 0 0 0 0 0 0 0 

2000 0 0 0 0 0 0 0 0 0 0 0 0 0 

2001 0 0 13 0 0 0 0 3 0 0 0 0 16 

2002 0 0 0 10 0 0 1 3 0 0 0 0 14 

2003 0 0 0 0 0 0 0 16 0 0 0 0 16 

2004 0 0 0 5 0 0 0 0 0 0 50 0 55 

2005 0 0 0 22 0 0 1 0 0 0 0 0 23 

2006 0 0 0 10 0 0 0 0 0 0 0 0 10 

2007 0 0 0 0 0 0 0 0 0 0 0 0 0 

2008 0 0 0 0 0 0 0 0 0 0 0 0 0 

2009 0 0 0 0 0 0 0 0 0 0 0 0 0 

2010 0 0 0 0 0 0 0 0 0 0 0 0 0 

2011 0 0 0 1 11 0 0 0 0 0 1 0 13 

2012 0 0 0 1 0 0 0 8 0 0 0 0 9 

2013 0 0 1 0 1 0 4 6 0 0 0 0 12 

2014 0 0 0 0 0 0 0 3 8 0 0 0 11 

2015 0 0 3 0 0 0 0 0 0 0 0 1 4 

2016 0 0 0 3 0 0 0 9 0 0 0 0 12 
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b
er 

D
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b
er 

T
o
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Year 

2017 0 0 2 0 0 0 3 0 0 0 0 0 5 

2018 0 0 0 0 0 0 0 0 0 0 0 0 0 

Mean 1.0 2.8 4.2 3.5 1.5 0.8 1.1 2.9 0.7 0.2 2.1 0.3 21.2 

St.De

v 
4.0 7.7 10.2 7.1 5.4 3.6 2.0 4.3 1.9 0.9 8.3 0.8 22.0 

Skew 4.6 2.9 4.5 2.6 4.0 5.0 1.8 1.3 2.8 5.0 5.1 3.4 1.6 

Kurto

sis 
24.9 9.1 25.4 7.2 18.6 28.4 2.5 0.9 7.6 27.8 30.2 12.7 2.7 

 

1.4.4 Monthly Averaged Rainfall Data Based on 3 Representative Stations with 

Basic Statistical Measures of Rub' Al Khali Basin from 1981 to 2018 in (mm) 

Table 16: Monthly Averaged Rainfall Data Based on 3 Representative Stations with 

Basic Statistical Measures of Rub' Al Khali Basin from 1981 to 2018 in (mm) M
o

n
th

 

Jan
u

ary
 

F
eb

ru
ary

 

M
arch

 

A
p

ril 

M
ay

 

Ju
n

e 

Ju
ly

 

A
u

g
u

st 

S
ep

tem
b
er 

O
cto

b
er 

N
o

v
em

b
er 

D
ecem

b
er 

T
o

tal 

Year 

1981 0 0 28 2 17 0 7 11 0 0 0 1 67 

1982 22 11 4 4 0 1 3 9 4 2 9 4 73 

1983 4 32 7 33 4 6 5 13 1 2 2 0 110 

1984 2 1 6 0 1 1 3 9 1 0 6 2 32 

1985 1 1 0 2 4 2 11 9 0 1 3 2 34 

1986 0 6 5 10 1 4 12 24 10 5 3 5 83 

1987 30 1 15 5 12 5 2 11 0 0 0 0 81 

1988 1 0 0 3 0 0 3 2 0 0 0 0 10 

1989 0 0 16 4 0 3 3 0 0 0 0 7 32 

1990 0 16 0 3 0 0 2 1 0 0 0 0 23 

1991 0 1 6 0 1 1 0 1 0 1 0 0 12 

1992 1 0 0 12 0 0 4 17 0 3 1 1 40 

1993 0 4 0 7 16 0 0 2 0 0 0 0 29 

1994 0 0 4 0 0 0 21 4 0 0 0 0 30 

1995 3 0 26 1 0 0 3 2 1 0 0 0 35 

1996 0 0 1 1 1 17 6 4 0 0 0 2 33 

1997 0 0 17 0 3 2 1 1 2 1 4 0 31 

1998 0 9 3 0 5 0 0 4 0 0 0 0 22 

1999 1 0 1 0 0 0 1 1 1 3 0 0 8 

2000 0 0 0 0 0 0 1 3 2 3 1 0 11 
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2001 0 0 6 0 0 0 2 4 0 0 0 0 12 

2002 0 0 0 9 4 0 9 5 0 0 0 2 30 

2003 0 0 0 2 0 0 5 11 2 0 0 0 21 

2004 2 0 0 7 0 1 3 5 1 1 18 0 38 

2005 2 0 3 10 0 1 2 1 0 0 0 0 19 

2006 0 0 0 5 1 0 8 5 0 0 0 0 20 

2007 1 0 6 1 5 4 4 5 0 0 0 0 25 

2008 0 0 0 0 1 0 2 2 0 11 1 0 17 

2009 2 0 1 0 0 0 2 5 2 0 0 0 12 

2010 2 2 0 0 2 0 7 2 1 0 4 1 21 

2011 1 0 0 1 5 0 1 8 1 0 5 0 23 

2012 0 1 0 10 0 0 3 6 0 0 0 2 23 

2013 2 0 3 1 2 0 4 5 0 0 1 2 20 

2014 0 0 0 0 1 0 2 2 3 0 0 0 8 

2015 0 0 1 0 0 0 3 2 2 0 1 2 11 

2016 0 0 0 11 2 3 6 8 1 0 0 0 31 

2017 0 3 1 1 1 1 6 3 0 0 0 0 15 

2018 0 0 0 0 0 0 0 0 1 0 0 0 2 

Mean 2.1 2.3 4.3 3.9 2.3 1.4 4.1 5.4 1.0 0.9 1.6 0.9 30.1 

St.De

v 
5.8 5.9 6.9 6.1 4.0 3.0 4.0 4.9 1.7 2.1 3.3 1.5 23.1 

Skew 4.0 3.6 2.1 3.1 2.5 4.1 2.3 1.7 3.6 3.7 3.3 2.2 1.8 

Kurto

sis 
17.5 16.2 4.6 13.4 6.8 21.2 7.9 3.9 17.0 17.0 14.0 5.5 

3.4 
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Appendix 2: Standard Normal Distribution Table 
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Appendix 3: χ2 Distribution Table 
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Appendix 4: t-test Probability Values 
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Appendix 5: F-test Probability Values 
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Appendix 6 : Pearson Type III Distribution Table 

 


