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ABSTRACT  

In this paper, our target is to improve the rainfall forecast over Egypt domain using different 
convection schemes parameterization procedure in Weather Research and Forecasting Model (WRF) 
with ARW dynamical core and evaluate Cumulus Convective schemes. In this study simulations have 
been compared among 15 surface observation stations covering area domain for convective, non-
convective and total precipitation. By the aid of error estimate variables, the improved Cumulus 
options appeared to be highly affected by convective amount presence and the improvement only 
when convective precipitation is the lowest one. 
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Introduction 

Weather Research and Forecasting Model (WRF) is one of the most used Numerical Weather 
Models (NWM) nowadays, especially in climate simulations, down-scaling applications and 
parameterization studies.  (Skamarock et al., 2008). 

The focus of this study is on an enhancement of precipitation prediction over Egypt domain 
which is one of the most featured climate change hotspots in North Africa and suffering from 
substantial decreases in precipitation, especially during the winter season.  

The problem of precipitation prediction in Numerical Weather Prediction (NWP) models is the 
uncertainty. This uncertainty of Numerical models comes from observational limitations and scientific 
limitations. The observational limitations due to data errors such as (Truncation errors and Numerical 
instability), conflicting observations and lack of data at time and locations needed, but the scientific 
ones come from the incomplete understanding of atmospheric physics and chemistry and 
approximations used to represent complex processes. (Weather Forecast Uncertainty, 2018; Stull & 
Ahrens, 2015) 

Several previous investigations addressed the issue of numerical model and algorithm 
uncertainties and it made by Manikin et al. 2005; Wandishin et al., 2005; Reeves et al., 2014, but 
other little attention has been given to the observational uncertainty on validation of precipitation.  
(Reeves, 2016) 

Calculating precipitation rates in Numerical Weather Models (NWM) with uncertainty issues 
needs parameterization which is a procedure for representing too small-scale or too complex 
processes physically by relating them or replacing them with variables on the scales that the model 
resolves as a simplified process. (Walter, 2018; Numerical weather prediction, 2018),  

This method of parameterization improves variability on a wide range of time scale of extreme 
precipitation which is a type of precipitation used in this study (Khairoutdinov, 2018). One of the 
ways to do super parameterization is to run weather model as Cloud Resolving Model (CRM) using 
two-way nesting technique with high horizontal resolution and more grid points in the grid box to 
resolve precipitation rates on mesoscale systems like WRF-ARW. 

 
Data and Methodology 
 
 Model description:  

 
WRF version 3.7.1 is utilized in this study with Advanced Research WRF (ARW) dynamical 

core describing the extreme precipitation events over the main domain of Egypt which is the area of 
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research. A detailed description of the model equations, physics, and dynamics is available in 
(Dudhia, 2004). 

 
Data 
 
Reanalysis Data Set: 
 

Our simulations used 6-hourly NCEP/FNL (Final Analysis) or called (GFS-FNL) Operational 
Global Analysis data.  The FNLs are made with the same model which NCEP uses in the Global 
Forecast System (GFS), but the FNLs are prepared about an hour or so after the GFS is initialized. 

These data are on (1° ×1°) resolution under dataset of ds083.2 and it is available at the surface 
at 26 mandatory (and other pressure) levels which is from 1000 millibars to 10 millibars, in the 
surface boundary layer and at some sigma layers. 

 
Observational data: 
 

The main observational data used in this study is for Surface Observational Stations (SOS) over 
Egypt and results based on comparisons of hourly rainfall rates of WRF model with data extracted 
from these selected stations Figure (1) which are ( Alex., Cairo, Arish, Behaira, Giza, Ismailia, Kena, 
Luxor, Marsh Matruh, Port Said, Sharm El-Shaikh, Souhag, Suez, Tanta and Zagazig). 

 
Fig. 1: Nested model domains used for the simulations of precipitation. Domains’ resolution is 27 km, 
9 km and 3 km, respectively with the surface observational stations overlaid. 

Model design and simulations: 
 

WRF is utilized in this study for 3 different extreme rainy simulations with 72-hrs for each one 
which have dates of [5/11/2015, 16/11/2015 and 8/1/2013] and results are compared to the findings of 
Elcin Tan (Tan, 2016) who used version 3.7.1 with the same configuration and previous versions of 
3.1 & 3.1.1 of the same model. 

The study area domain configuration is presented in Figure (1), where (do1) the outer most 
domain (parent domain) has a 27 km resolution, and it’s two-way nested domains are configured with 
a horizontal resolution of 9 km and 3 km respectively.  

The comparison of the study focused on Total Precipitation variable which calculated from 
adding Convective and Non Convective Precipitation variables (PREC_ACC_C and 
PREC_ACC_NC). Those variables calculate the number of minutes in precipitation bucket. 

Detailed WRF_ARW schemes were used in these simulations are presented in the next section. 
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WRF Schemes: 
 
Cumulus parameterization Schemes (CPSs): 
 

WRF-ARW model version 3.7.1 has 11 Cumulus parameterization options (cu_physics) plus 
option (0) with no convection and all of cumulus schemes included in this study to present the 
optimum option for cumulus convection over study area (Egypt) by running them one by one under 
CRM configuration to calculate the total precipitation, convective and non-convective values. 

Those 11 Cumulus parameterization options are listed in the following Table (1) plus 
Cu_physics option of (0) where is no convection so the total is 12 schemes. This table shows CU 
physics options’ name in column one, scheme name in column two, reference name in column three 
and the date these schemes added to CU options in the fourth one.  

 
Table 1: Cumulus parameterization options of WRF-ARW version 3.7.1 (www2.mmm.ucar.edu, 

2018) 

cu_physics Scheme Reference 
Added 

 

1 Kain-Fritsch Kain (2004, JAM) 2000 

2 Betts-Miller-Janjic Janjic (1994, MWR; 2000, JAS) 2002 
3 Grell-Freitas Grell et al. (2013) 2013 

4 Old Simplified Arakawa-Schubert 
Pan and Wu (1995), NMC Office Note 409 

 
2005/ 
2011 

5 Grell-3 - 2008 

6 Tiedtke Tiedtke (1989, MWR), Zhang et al. (2011, MWR) 2011 
7 Zhang-McFarlane Zhang and McFarlane (1995, AO) 2011 

14 New SAS Han and Pan (2011, Wea. Forecasting) 2011 

84 New SAS (HWRF) Han and Pan (2011, Wea. Forecasting) 2012 

93 Grell-Devenyi Grell and Devenyi (2002, GRL) 2002 

99 Old Kain-Fritsch Kain and Fritsch (1990, JAS; 1993, Meteo. Monogr.) 2000 

 
Results and Discussion 
 

The convection schemes play a significant role in presenting extreme precipitation output in 
WRF. Therefore, a systematic intercomparison of the performance of parameterization schemes is 
essential to customize the model and to examine that performance of these schemes in a mesoscale 
model (Osuri, K. et al., 2011). 

 
CPSs results: 

In this section, the total precipitation is presented and calculated from adding two essential 
variables which are (PREC_ACC_C and PREC_ACC_NC), and those variables are more accurate in 
this case because it gives new outputs showing the accumulation convective and non-convective 
precipitation during the period of time and retains the other continuous accumulation data. 

 
Effects of Cumulus Convection Schemes:  

After running CU schemes configured with CRM options the resulted best performance 
schemes are summarized in Tables (2, 3, 4) which are representing the Root Mean Square Error 
(RMSE) and Mean Bias Error (MBE) values to the resulted CU best schemes categorized by 
Convective, Non-Convective and Total Precipitation options for all study cases. 

The last tables show that case (1) has the highest error values with these optimum schemes 
compared with the other two cases because of the presence of high convective clouds and humidity in 
this event for about 12 hours.  

The effect of CU schemes appeared to be obviously affected by high rates of convection and 
this effect appeared in those schemes because of the trigger functions in this parameterization process 
are depending mainly on cloud layer moister and the moist convection and because the shallow 
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convection option is presented in all of them except sch3 and 93 as recommended by (Stensrud D., 
2007), so they have the highest error values compared to actually observed ones.  

Table (3) shows that Betts-Miller-Janjic scheme (sch2) has the lowest 5 error values out of 6 in 
all cases in Non-convective results and the slightly high value of 13.96 is due to the convective reason 
in case (1) as mentioned before.  

The WRF simulation results appeared clearly overestimated even in the best CU schemes 
affected by convection factors in the study area and time range. 

Table 2: RMSE and MBE values for Convective results to best performance CU schemes for all 
study cases. 

(CU) Schemes 
Case 5 - 11 (1) Case 16 - 11 (2) Case 8 - 1 (3) 

RMSE MBE RMSE MBE RMSE MBE 

Betts-Miller-Janjic 11.94 2.32  4.00 2.14  12.78 1.96  

Grell-Freitas 15.39 5.06  1.02 0.11  12.19 8.21  

New SAS 14.06 0.44  6.44 4.86  11.60 7.53  

New SAS (HWRF) 18.82 13.03  12.53 8.86  8.75 1.20  

Grell-Devenyi 31.47 18.55  17.34 11.58  10.53 4.11  

Table 3: RMSE and MBE values for Non-Convective results to best performance CU schemes for all study 
cases 

(CU) Schemes 
Case 5 - 11 (1) Case 16 - 11 (2) Case 8 - 1 (3) 

RMSE MBE RMSE MBE RMSE MBE 

Betts-Miller-Janjic 13.96  4.07  1.46  0.08  5.95  0.61  

Grell-Freitas 26.44  10.54  3.59  1.29  13.01  6.23  

New SAS 11.30  5.35  1.84  0.72  11.07  3.81  

New SAS (HWRF) 16.82  6.51  1.89  0.95  8.91  2.92  

Grell-Devenyi 16.87  6.31  1.91  0.82  7.72  2.48  

Table 4: RMSE and MBE values for Total Precipitation results to best performance CU schemes for 
all study cases. 

(CU) Schemes 
Case 5 - 11 (1) Case 16 - 11 (2) Case 8 - 1 (3) 

RMSE MBE RMSE MBE RMSE MBE 

Betts-Miller-Janjic 9.17  3.10  4.02  2.45  12.73  4.39  

Grell-Freitas 28.24  11.82  4.27  2.32  13.53  6.52  

New SAS 16.82  10.68  5.49  4.15  11.93  4.67  

New SAS (HWRF) 16.05  10.50  10.55  7.12  9.53  3.27  

Grell-Devenyi 30.82  16.96  14.51  9.21  8.23  1.31  
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Conclusion 
 

The RMSE and MBE calculations are utilized to evaluate the CU parameterization different 
schemes and it helps to decide which scheme results are comparable with observation data and which 
are eliminated from the further discussion. 

 Betts-Miller-Janjic (BMJ) scheme assumes a quasi-equilibrium state between the processes 
that create CAPE and the deep, moist convection that consumes it, so it identifies the deep convection 
when the cloud depth is more than 200 hpa and shallow convection option activated automatically 
when it is less than that pressure. This scheme is also characterized with enhanced trigger functions 
like cloud -layer moister and Convective Available Potential Energy (CAPE), and shows best 
behavior for three study cases with maximum error 13.96 in RMSE. 

  WRF model shows an obvious overestimation results over the Egyptian domain in extreme 
rainy events and model best simulation found (2-3) times the actual observations. 

WRF model shows a high uncertainty in extreme precipitation simulations over coarse 
horizontal resolution and it performs better when the CRM configured to a fine horizontal resolution 
and a low vertical level number. 
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