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Abstract - Red Sea region in Egypt considered as an arid region, which suffered from sudden storms causes extremes flash
floods. The Lack of the rainfall data and the difficulty of collecting of watersheds characteristics are the obstacles to achieve
the success of hydrological models application in Wadi system. This research aims to provide 1000 realizations of daily-
predicted rainfall time series for next 100 years providing an innovative approach of disaggregating the monthly rainfall data
into daily time series data. The Stochastic Analysis Modelling and Simulation (SAMS 2007) was used to generate these
realizations of monthly data. The ground observations (2004-2014) were used to evaluate and choose the most accurate
product of the three rainfall gridded distribution data; Climate Research Unit data (CRU), Global Precipitation Climate Center
data (GPCC) and European Center for Medium Range Weather Forecast (ECMWF)-Rainfall Re Analysis-Interim data (ERA-
Interim). The later daily data was utilized to create the pattern of disaggregation. The evaluation results show that the GPCC
monthly data perform the best among the other products for most of stations, which was used to generate data for next 100
years. The various prediction realizations were disaggregated into daily time series. The analysis of the 1000 realizations of
the daily rainfall show that the upper limit for the 26 points is between the ranges of (4.5-15.07) mm/day.
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1. INTRODUCTION

Prediction of the streamflow is very essential in the hydrologic applications. However, the rainfall data and drainage area
are considered as the two important inputs required for all hydrological models [1]. The temporal and spatial variability of
rainfall in the arid areas affects the rainfall-runoff modelling techniques that are appropriate for each region [2]. These
models include temporal and spatial features that make them useful as tools for water resource management under
different climatic conditions [3-8].

In the arid zones, there are greater spatial variations of rainfall occur, although the magnitudes differ from region to
another [2]. The distributed rainfall data products improve prediction of streamflow at ungauged basins [9]. The gridded
distribution data opens new horizons for researchers to study the behavior of catchments in the ungauged regions. Fekete
et al. (2004) reviewed different gridded climate datasets and found that Global Precipitation Climate Center (GPCC), Global
Precipitation Climatology Project (GPCP), Climate Research Unit (CRU) and University of Delaware (UD) are the most
similar analyzed data. Essous et al. [10] investigated the potential of reanalysis data as proxies of observed surface
precipitation to force hydrological models. Gampe and Ludwig [11] studied the projection of eight ensamples of gridded
distributed rainfall data on the flow output from the hydrological model, where the gridded distributed rainfall data
divided into three categories; three types of observed data, four types of reanalysis data, and one type of multi-satellite
precipitation estimation. They provided an ensample mean for further hydrological activities, however they concluded
that the selection of the data sets is highly depended on the region, and recommended to exclude the datasets that shows
high deviations on the catchment scale. Sun et al. [12] reviewed thirty kind of existing precipitation datasets generated
from different data sources and quantified the discrepancies between these datasets over multiple time scales in order to
help the hydrologists to select the suitable type of rainfall data for their studied regions.

The climatic projections using multi-model water balance approaches indicate a possible range of variation of those
values, which is useful for the short and long term planning of water resources [13], however, it is proposed as a useful
way to characterize the structural error associated with a single model. The lack of observed data in the arid and semi-arid
regions accentuates the need for synthesizing data by modelling [14]. Bulygina et al. [15] integrated three sources of
information for constraining prediction uncertainty towards observed values of stream flow in ungauged catchments. The
advantage of using the rainfall data products is of particular interest, as applying of stochastic rainfall models to expand
rainfall records in future and analyze water resources [14,16-18].

The generation of the hydrological data is used in modeling, simulation and prediction of the rainfall/flow data. The
generating models are considered as a solution in cases of the missing observation data. Oriani et al. [19] generated a
group of 100 realizations with the same length for three datasets in order to obtain a stable response in both the extreme

© 2019,IRJET | ImpactFactorvalue:7.211 | 1S09001:2008 Certified Journal | Page5271



\// International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056
RJET Volume: 06 Issue: 05 | May 2019 www.irjet.net p-ISSN: 2395-0072

behavior and the average. To overcome the lack of data in Africa, a temporally homogeneous rainfall dataset covering a
period over 30-years is generated from the Tropical Applications of Meteorology using SATellite data (TAMSAT) and
ground-based observations [20]. The auto regressive approach is used for regenerating the future sequence preserving the
properties of the observed data [21].

Disaggregation is generally defined as separation into components parts and it is usually used for having stream flow data
disaggregated. However, when it is used with rainfall, it is usually meant to express separation of yearly data into monthly
time series. This technique is often utilized in hydrological applications to overcome the issue of not having detailed
rainfall data on low temporal scale. The issue is extended and it becomes more complicated when daily rainfall time series
are obtained from the monthly data. This is because of absence of the daily patterns that are needed to be used in this
process. Connolly et al. [22] have described a model that is used to disaggregate daily measured rainfall data into short
time intensity data. This was based on daily rainfall records of up to 100 years duration, which is available in Australia. In
their recent publication, Rebo et al. [23] have downscaled the monthly streamflow data into daily data using simple
stochastic auto-regressive model. They were able to test the success of this model over two different basins in terms of
area and climatic conditions. Hughes and Slaughter [24] conducted another study, in which, they studied a daily
disaggregation approach presented by Slaughter et al. [25] to obtain daily streamflow using two different rainfall datasets.
They concluded that the disaggregation method presents very poor results for daily flow simulations.

One of the major limitations accompanied with the accuracy of hydrological modelling is related to the availability of daily
rainfall time series. As most of the available data in Red Sea region is monthly base data, the investigation of the
performance of the future flash floods probabilities in the Wadi system faces main challenges. In addition to the difficulty
of having multi probable rainfall patterns to describe rainfall extremes for long period in the future, they have to be in
form of daily time series. This research therefore aims at providing 1000 realizations of daily-predicted distributed rainfall
time series for next 100 years providing an innovative approach of disaggregation the monthly rainfall data into daily time
series data.

2. Description of the study area and rainfall datasets

The study area is located along the Red Sea coastal zone between Suez and Hurghada cities. The climate of this region is
characterized by rare rainfall events and low values however, this area has a large potential for flash floods occurrence.
Unfortunately rainfall monitoring networks witness a significant lack of its coverage area. Figure 1 shows the locations of
ground rain gauge available around this region. Because of this weakness in coverage which is usually caused because of
several reasons such as security and accessibility issues, the need for another source of rainfall information becomes a
necessity. Figure 1 shows also the points selected to represent the study area. Rainfall data from three various products
were obtained at the locations of these points. The ground observation was mainly used for sake of evaluation and selection
which product that will be used further in this study.

Legend

* Points of GPCC
¢ Ground Rain Gauges
] Study Area
N

A 3
L MR M J»

Fig -1: Location of study area, ground rain gauges and selected points of the gridded datasets (GPCC, CRU, and Era-
interim)
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2.1 Ground Observed Rainfall data
The ground observation of rainfall is available in monthly form and they were accessible by the Water Resources
Research Institute (WRRI) during the period (2004-2014) for seven rain gauges. These seven gauges are distributed along

the Red Sea and around Suez gulf. The names and locations of these rain gauges are shown in Table 1.

Table -1: Name and locations of ground rain gauges

ID Name Latitude | Longitude
1 Suez 29.87 32.47
2 Hurghada 27.18 33.80
3 El Qsir 26.13 34.25
4 El Tor 28.20 33.63
5 Abo Redes 2891 33.19
6 Safaga 26.73 33.93
7 Ras Sudr 29.58 32.72

2.2 Gridded rainfall data over the Red Sea region

The limited number of rain gauges and the absence of their good spatial distribution make it difficult to describe rainfall in
this region and thus the future long term prediction. The rainfall gridded data products, which is used as an observed data
(reference data), could be solve the issue of lacking measured rainfall data, however, the efficiency of this type of data
should be taken into account when describing rainfall in the region. Three types of the reference data are used; Climate
Research Unit data (CRU) European Center for Medium Range Weather Forecast (ECMWF) Rainfall Re Analysis-Interim
data (ERA-Interim), and GPCC are downloaded and then evaluated.

The CRU, Era-Interim and GPCC have spatial resolution of 50km x 50km. Both CRU and GPCC have a monthly temporal
resolution, while Era-interim has a daily temporal resolution. The CRU data extends for 115 years (1901-2015) while the
GPCC data is available from 1901 until 2013. The Era-Interim data is available in daily record from 1981 until now, the
data downloaded until 2014, and then the data was accumulated in order to get the monthly data time series. The rainfall
data of these three types were collected for the given points shown in Fig. 1 in order to cover the investigated area.

3. METHODOLOGY

3.1 Evaluation of three rainfall products with ground observations

The three types of gridded rainfall data; CRU, GPCC and Era-interim were evaluated using the observed rain gauges for 10
years. Three statistical criteria were used for the comparison in addition to the visual comparison using obvious graphs. The
three statistical criteria are: Root mean square error (RMSE)-observations Standard Deviation Ratio (RSR) [26], Nash
Sutcliffe (NSC) and Percent Bias (PBIAS) where:

[S1 1 (25-20)?
RSR = RMSE =13 <0 (1)

T STDFVgps ~
obs [N (Zo=20)?

— _ Z?=1(ZO_ZS)2:|
NSe=1 [z{;l(zo—z‘oﬂ (2)
PBIAS = Zi=1%7%0) o 100 (3)

Yiz1(Zo)

where: Zs the rainfall gridded data product, Zo the observed rainfall from the rain gauge and Z o is the mean of the observed
rainfall.
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For RSR the optimal value of 0 to a large positive value and the lower the RSR, the lower the RMSE, and the better the
rainfall product. NSC ranges from 0 to 1 and value of lcorresponds to a perfect match of the rainfall product to the
observation. The optimal value of PBIAS is 0, with positive values indicating overestimation bias, negative values indicating
underestimation bias and low-magnitude values indicating accurate model simulations. In general, the rainfall product can
be judged as “satisfactory” if NSC > 0.50 and RSR < 0.70, and if PBIAS +25% for rainfall [26].

3.2 Using a Stochastic Analysis Modeling and Simulation (SAMS) to generate 1000 synthetic data for
rainfall series in future

3.2.1 SAMS software

The need for stochastic simulation is broadly increasing in order to solve several problems related to hydrologic time
series. This includes various applications related to planning and water resources management such as rainfall estimation,
streamflow simulation and determination of reservoir capacities which require in most of cases for mathematical models.
For this reason, several models have been developed and have been used in literature to achieve this purpose. Selecting a
particular model at this moment depends on many factors such as, physical and statistical characteristics of the process
under consideration, data availability, the complexity of the system, and the overall purpose of the simulation study.
Likewise, the need to reproduce the historical statistics of the investigated parameter (i.e. rainfall time series) forms
essential role in selecting the type of the software packages. SAMS is one of these software packages that deal with
stochastic analysis, modelling and simulation of hydrologic time series. It is based of C, FORTRAN and C++ and has been
developed by Colorado state university and Bureau of Reclamation and it is free available on its website. The package
consists of many menu options which enable the user to choose between different options [27].

3.2.2 ARMA Model description

Stochastic hydrology modeling requires the application of stationary Autoregressive Moving Average (ARMA) models
which have been widely used. They are used to simulate the annual time series where the mean, variance, and the
correlation structure do not depend on time. Unlikely, for seasonal hydrologic time series, stationary ARMA model can
replicate the seasonal statistics of the time series by means of standardizing the underlying seasonal series. However, this
procedure undertakes that season-to-season correlations are the same for a given lag. Hydrologic time series, such as
monthly streamflow, are usually characterized by different dependence structure (month-to-month correlations)
depending on the season (e.g. spring or fall). Periodic ARMA (PARMA) models have been suggested in the literature for
modeling such periodic dependence structure [27]. A PARMA (p,q) model may be expressed as [25]:

Yoi = Zf:l ®i,‘[y17,‘[—i t &y — Z;‘I:1 9]',‘[81?,‘[—]' (4)

where Yv,t represents the streamflow process for year v and season t. For each season, t, this process is normally
distributed with mean zero and variance ot2 (Y). The ev,t is the uncorrelated noise term which for each season is normally
distributed with mean zero and variance ot2 (¢). The {@_(1,1),..., @_(p,T)} are the periodic autoregressive parameters and
the {6_(1,t),..., 6_(q,T)} are the periodic moving average parameters. If the number of seasons or the period is w, then a
PARMA (p,q) model consists of w number of individual ARMA(p,q) models, where the dependence is across seasons
instead of years. Parameters are estimated using Method of Moments or Least Square method. The earlier method can only
be used in SAMS forq =0 or 1 [27].

In this work, a univariate PARMA (1, 0) stochastic model was fitted to the GPCC rainfall monthly data time series. The long
period of rainfall data (115 years of records) ensures that the historical statistics of rainfall occurrence and values are
encountered in the fitted model to appropriately reproduce these properties. After checking the validity of this model and
comparing between the properties of the existing data and the obtained model, the model was used to generate data for
the next 100 years. The most significant advantage of this concept is the flexibility of the developed model to generate
several samples of data in the same period. Hence, the probability of occurrence of an incident could be variously obtained.

3.2.3 Generation of monthly rainfall data for next 100 years

In hydrological application, the concept of data generation is considered very important subject. It is employed in several
purposes to aid hydrologist in planning and management decisions such as extended droughts periods [28]. The main
approach in this process is that synthetic realizations are generated to maintain certain statistical properties of the natural
hydrologic process. Consequently, each generated realization and the original one are equally likely to occur in the future.
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In this work, once the model has been defined and the parameters have been estimated, 1000 realizations were generated
for the 100 years starting from 2015 using the fitted model to the GPCC rainfall monthly data time series. This was
achieved for each point of the selected 26 points over the whole study area. The spatial and temporal relations among
those locations were taken into account while creating the model. The most important constrain facing this procedure was
the number of zeros in data. Since the study area is located in arid region, the frequency of rainfall occurrence is very low.
For example, the rainfall values in June, July and August are usually zeros. Hence this would cause some errors in fitting
the model and need to be removed. Another issue was the maximum rainfall value of the generated data. It has to be
verified that the maximum value is realistically predicted. Hence, an adjustment condition was set for the maximum value
when generating this data. It has to be mentioned that this condition would not affect the procedure of the generating or
the behavior of the fitted model but it would affect only the maximum limit of the generated data to conform within the
expected values for the region.

3.3 Description of disaggregation pattern

In order to use the multi rainfall monthly prediction realizations to run hydrological models, there is a need to
disaggregate the monthly time series to daily time series. To achieve this target, the Era-interim data which is available in
daily time series from 1981 till the end of 2016 was used for this purpose. The contribution of the daily rainfall is
calculated as a percentage from the total monthly rainfall, by dividing the daily long-term mean rainfall gridded data on
the mean monthly from the same data. This percentage was multiplied by the multi rainfall monthly prediction
realizations to disaggregate it to daily time series.

4. RESULTS AND DESCUSSION

The rainfall for seven stations; four stations in Red Sea and three stations in Sinai were used in the evaluation. The
satisfactory NSC, RSR and PBIAS were achieved for the GPCC rainfall gridded data. Table 2 shows the statistical criteria
values for the CRU, GPCC and Era-interim compared with the Observed data. It is clear from the values that the GPCC is the
most presented data sets to the rainfall in all stations, where most values of the comparison are around the accepted
range. Although the comparison values for the Safaga and Ras Sudr stations were the worst, the comparison is still in favor
of GPCC.

Table -2: The statistical criteria calculations for GPCC, CRU, and Era-interim rainfall data sets reference to the observed
rain gauge data

RSR R"2 PBIAS %
Stations Era- Era- Era-
GPCC | CRU interi GPCC CRU interi GPCC CRU interi
m m m
Suez 0.51 1.07 1.05 0.74 -0.14 -0.10 6 49 -41
Hurghada 0.33 0.95 1.28 0.70 0.09 -0.66 0 25 -12
El Qsir 0.52 1.11 3.02 0.75 -0.24 -8.22 1 16 25
Safaga 1.04 3.69 2.96 -0.01 12.71 -7.80 13 273 31
Abo Redes 0.40 1.85 1.08 0.82 -2.60 -0.22 3 83 -28
Ras Sudr 1.00 1.18 1.15 0.04 -0.43 -0.37 61 -13 -9
Al tor 0.25 2.10 1.06 0.90 -3.74 -0.21 -2 195 -30

Figure 2 shows the monthly rainfall for CRU, GPCC and Era-interim compared to the mean monthly-observed rainfall. It is
clear that GPCC is too close to the observed data and take the same trend for the seven stations; Suez,
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Hurghada, El Qsir and Safaga in Red Sea and Al tor, Abo Redes and Ras Sudr in Sinai. The GPCC has the best performance in
presenting the rainfall in Red Sea and Sinai. From the results, GPCC is a reference data, which can be used to present the

pattern of the rainfall
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Fig-2: Mean monthly rainfall for CRU, GPCC and Era-interim compared to the observed rainfall
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In order to generate synthetic data for rainfall series, as a future prediction of the rainfall, it is needed to study the
statistical properties of the historical rainfall data (GPCC) for the 26 points. The main properties that should be study the
mean, the variance and the dispersion of a set of data values (standard deviation). Figure 3 shows the mean monthly
pattern of the Suez and Hurghada during the period (1901-2013) from the GPCC data.
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Fig -3: Mean monthly pattern of the Suez and Hurghada from the GPCC data

After disaggregation of the monthly depending based on the daily time series of the Era-interim, the daily rainfall time
series for the predicated realizations were obtained. Figure 4 shows the spatial distributed contribution percentage for the
maximum day in December, January and February for the studied region between Suez to Hurghada. Figure 5 shows the
daily contribution percentage for Suez and Hurghada stations. This percentage was multiplied by the multi rainfall
monthly prediction realizations to disaggregate them into daily time series. Finally, 1000 realizations of daily predicted
rainfall are available now to run the hydrological models.
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7th Feb.

Fig -4: Samples of the distributed contribution percentage for the maximum day in Dec., Jan., and Feb.
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Fig -5: The sample of the percentage the daily contribution reference to its month, calculated by divided the daily long-
term mean in the period (1981-2016) on the mean monthly for the same period

As mentioned before, 1000 realizations of daily-predicted rainfall daily data for future period (2015-2115), for the 26
points, are available now to run the hydrological models. The analysis of the 1000 realizations shows that the upper limit
(maximum daily value) for the 26 points is between the range (4.5-15.07) mm/day. Figure 6 shows the maximum daily
rainfall for each point for the 1000 realizations.
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Fig -6: The Maximum daily rainfall for the 1000 realizations during the period (2015-2115) for the 26 station grids (SG)
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3. CONCLUSIONS

In most of the arid regions, there is a common issue of lacking rainfall information. The rainfall gridded distributed
datasets provides a solution for the researchers to study the ungauged regions; however, the quality of these data sets
should be examined. This work shows that the GPCC product is the most suitable one, comparing to another three other
products, to present the rainfall performance in the Red Sea region. ARMA model was successfully fitted to the 26 selected
points in order to generate a synthetic rainfall data in future. These predicted data was then disaggregated from monthly-
based form into a daily time series data. The disaggregation method was suggested using the Era-interim daily data to
obtain the needed patterns. More potential should be directed to enhance the methods of the disaggregation of the
monthly data into daily data especially in the arid and semi-arid regions, which are characterized by limited gauges.
Finally, 1000 realizations of daily-predicted rainfall time series for next 100 years are now ready and available to be
utilized in hydrological models to investigate of the performance of the future flash floods probabilities in the Wadi
system.
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