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ABSTRACT 
 

 Precipitation in arid and semi-arid regions is important for both human and natural 

systems, but the extreme weather events associated with the precipitation can pose threats to the 

growing population in the regions, especially due to the changing of climate. Thus, there is a 

need for reliable weather forecast systems that are able to provide early warnings to reduce 

fatalities and socio-economic loss. This dissertation demonstrates two forecasting techniques that 

are able to improve the current operational forecast systems to predict extreme precipitation 

events in arid and semi-arid environments. 

 The first technique is utilizing a data assimilation system in convective-permitting 

models. The data assimilation implements the ensemble Kalman filter scheme that integrates 

precipitable water vapor (PWV) data derived from Global Positioning System (GPS) sensors into 

a numerical weather prediction (NWP) model and updates the modeled state variables 

sequentially. The updated modeled PWV is expected to maintain the errors between the model 

and the observations low at the model initial condition. This potentially generates more accurate 

weather forecasts since the initial model biases is minimized. We implemented this technique 

during the North American monsoon (NAM) GPS Hydrometeorological Network field campaign 

in summer 2017 over northwest Mexico. The GPS-PWV data from the field campaign was 

assimilated into a 30-member ensemble convective-permitting (2.5 km) model. The results show 

that assimilating GPS-PWV improves the initial condition of the modeled PWV, most unstable 

convective available potential energy (MUCAPE), and 2-meter dewpoint temperature (Td2). 

This also leads to an improvement in capturing nocturnal convection of mesoscale convective 

systems (MCSs; after 0300 UTC) and to an increase by 0.1 mm h-1 in subsequent precipitation 

during the 0300-0600 UTC period relative to no assimilation of the GPS-PWV (NODA) over the 
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area with relatively more observation sites. The results demonstrate that this technique could be 

implemented over areas where traditional observations for data assimilation, such as radar and 

radiosonde, are not available.  

 The second technique is applying convective-permitting (CP) modeling to a sub-seasonal 

weather forecast model. In this technique the model’s horizontal grids are downscaled from 80 

km to 4 km that is a convective-permitting scale, in which precipitation can be represented and 

resolved explicitly without any convective scheme. The sub-seasonal time frame indicates that 

the forecasts go beyond two weeks but less than two months. We applied this technique over the 

Arabian Peninsula (AP) during winter months (October to April) of 1999 to 2018. We simulated 

18 extreme precipitation events that directly impacted Jeddah. Each simulation is initiated at one-

, two-, and three-week lead times. The model lateral boundary condition is taken from the 

European Centre for Medium-range Weather Forecasts sub-seasonal to seasonal (ECMWF S2S) 

reforecasts. The results show that the CP model outperforms the low-resolution ECMWF S2S 

reforecasts in predicting the extreme precipitation events at all lead times, especially the events 

associated with the extratropical synoptic regime. The CP model high forecast skills in 

precipitation are likely attributed to the better representation of dynamics and thermodynamics in 

CP model. The promising results demonstrate the feasibility of predicting extreme weather 

events at sub-seasonal time scales over the AP.  
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CHAPTER 1: INTRODUCTION 
 

This dissertation consists of two studies that aim at improving precipitation forecasts in 

arid and semiarid regions, namely northwest Mexico and the Arabian Peninsula. The North 

American Monsoon (NAM) season, which annually occurs from June to mid-September impacts 

substantially the hydrometeorology of the northwest Mexico and the southwest United States. 

Even though the NAM is very important for human and natural systems in the region, the severe 

weather during the NAM season creates natural hazards including flash floods (Ray et al. 2007), 

landslides (Feng et al. 2013), microburst (Willingham et al. 2011), and dust storms (Raman et al. 

2014). The Arabian Peninsula (AP), one of the driest and most water-limited environments in the 

world (Köppen 1936) has also been experiencing the same challenge. In recent decades, the AP 

has experienced rapid socioeconomic development, expansion of urbanization and agricultural 

activities, and high population growth (Luong et al. 2020b; Hoteit et al. 2021). Episodic extreme 

precipitation events and flash flooding have increased concurrently, causing hundreds of 

casualties and infrastructural damages costing more than one billion U.S. dollars (Al-khalaf and 

Basset 2013; Haggag and El-Badry 2013; de Vries et al. 2016). For both regions, more reliable 

forecast systems are needed for early warning of extreme weather events.  

 

1.1. ON THE DYNAMICS OF THE NORTH AMERICAN MONSOON 
 

NAM thunderstorm development on the mesoscale is intimately related to the diurnal 

cycle of convection over complex terrain of Sierra Madre Occidental (SMO) in northern Mexico 

(e.g., Nesbitt et al. 2008). During the NAM season, the diurnal cycle is produced by 

thermodynamic instability, which is a function of diurnal surface heating and moisture. The 
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convective development occurs at around 1200 – 1400 LT over the crest of SMO as a result of 

the upslope surface moisture flow in the morning. In the late afternoon (1700 – 2000 LT) the 

convective system propagates westward and may grow and organize into mesoscale convective 

systems (MCSs) that could reach the Gulf of California (GoC) by late evening. The amount of 

rain as measured in some locations could be as much as 30 to 40 mm in three hours, which is 

considerably high for an arid region. Due to the low moisture absorption capacity of the soil and 

the steep structure of the terrain, flash flooding and landslides often occur in the region during 

the NAM season (e.g., Castro et al 2001; Ray et al. 2007).  

On the synoptic scale, NAM convective development is closely related to the shift of the 

mid-tropospheric (500-hPa) flow from westerly to easterly and southwesterly over the northwest 

Mexico as an upper-level anti-cyclone or monsoon high propagates northward (Douglas et al. 

1993). An inverted trough (IV), which is a mid- to upper-level tropospheric low associated with 

the mid-latitude breaking of the Rossby waves, often appears propagating from east to west 

along the southern flank of the monsoon high. This feature is the principal driver of the heaviest 

monsoon precipitation through the season (e.g., Pytlak et al. 2005; Lahmers et al. 2016) because 

it induces a mid-level cyclonic circulation that dynamically facilitates MCS organization. Several 

studies (e.g., Douglas et al. 2007; Bieda et al. 2009) demonstrated that the total precipitation 

doubles during the days with IVs (hereafter strongly forced days), compared to the days without 

IVs (hereafter weakly forced days).  

 

1.2. MOTIVATION 
 

Based on retrospective numerical weather prediction (NWP) simulations of the NAM 

season 2013, Moker et al. (2018) found a moist bias in the initial precipitable water vapor (PWV) 
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and that strongly forced days have higher precipitation forecast skill than the weakly forced days. 

However, they provided only a brief explanation on the modeled moisture dynamics based on 

sensitivity analyses. To understand the moisture dynamics in the model, such as how sensitive is 

the forecast precipitation to the moisture and how sensitive is the convective moisture flux to the 

moisture is crucial in understanding the modeled precipitation forecast skills.  

Moker et al. (2018) also suggested applying data assimilation, which is a statistical 

technique of correcting prior knowledge (i.e., state variables in numerical models) using 

observations to obtain an estimate of the true state of the system and the uncertainty of the 

estimate (e.g., Katzfuss et al. 2016). Assimilating PWV may improve the initialization of the 

physical state variables which are important for predicting NAM precipitation during weakly 

forced days. This suggestion is feasible because PWV data is available from the 2017 NAM 

global positioning system (GPS) hydrometeorological field campaign (hereafter referred to as 

GPS Hydromet 2017) that took place in northern Mexico from late June to mid-September 2017.  

Studies in the past have shown the positive impact of assimilating PWV into NWP 

models. Assimilating PWV into a 20-km MM5-4DVar system, Guo et al. (2000) have 

successfully predicted small-scale precipitation features with bias around 0.1 mm. Similarly, 

Marcus et al. (2007) have shown the 3-h precipitation correction by 5 mm in several 

underpredicted winter precipitation events in southern California. Utilizing a local ensemble 

transform Kalman filter (LETKF; Hunt et al. 2007), some studies have also shown an increase of 

probability in 1 mm total precipitation by 70% (Seko et al. 2011) and a positive impact on 

precipitation forecasts for more than 6 hours (Yang et al. 2020).     

 

1.3. OBJECTIVES 
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 The objectives of this study are twofold. First, it is to assess the forecast skill of moisture 

from the simulations of 39 days of 2017 NAM season using the Advance Research version of the 

Weather Research and Forcasting (WRF-ARW) model at a convective-permitting resolution. 

The study focuses on the diurnal cycle of PWV, precipitation, and moisture flux convergence 

(QCONV). The assessment is important to understand the potential of how to increase the 

modeled precipitation forecast skill. This includes comparison of the PWV diurnal cycles 

between the modeled PWV and the GPS-derived PWV (GPS-PWV), comparison of the modeled 

and observed precipitation diurnal cycle, analysis of precipitation forecast skills using categorical 

statistics, and moisture sensitivity analysis computed using regression.  

Second, the study is to assess the impact of constraining atmospheric moisture on the 

timing and location of NAM precipitation during the weakly forced days. GPS-PWV from the 

GPS Hydromet 2017 field campaign is assimilated into the WRF-ARW model at a convective-

permitting resolution using the Ensemble Adjustment Kalman filter (EAKF) implemented in 

Data Assimilation Research Testbed (DART; Anderson et al. 2009) software. The impact on the 

NAM precipitation forecasts is quantified through comparison of modeled and observed 

moisture variables and various statistical analyses. The positive impact provides us with a new 

perspective of how to improve the NAM precipitation forecast in this arid region, where 

observational data is limited. A brief note on the ensemble Kalman filter technique is given in 

Appendix D.   
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1.4. ON THE DYNAMICS OF COOL-SEASON PRECIPITATION IN ARABIAN 
PENINSULA 

 

 Climatologically, most precipitation in the AP occurs during the cool season, from 

November to April. On average, the southwestern AP receives approximately 300 mm of 

precipitation, which is about 60% of the annual precipitation falling in the AP (Almazroui 2011). 

The cool-season precipitation was intimately related to the interactions between several synoptic 

scale features that are favorable for MCS organization over the AP. A mid-latitude middle-to-

upper level (850–500 hPa) trough in the eastern Mediterranean interacts with a Red Sea trough 

(RST) near the surface. A stationary lower-to-middle level Arabian anticyclone (AA) centered 

over the southeastern AP and the Arabian Sea influences the interaction. As the mid-latitude 

trough intrudes into the subtropics and propagates eastward, it amplifies the RST, deflecting the 

moisture flow from the Red Sea and the Arabian Sea toward the AP (de Vries et al. 2018). The 

interaction between the mid-latitude trough and the AA at 850 to 700 hPa generates a Red Sea 

convergence zone (RSCZ; Pedgley 1966; Langodan et al. 2017; Viswanadhapalli et al. 2017) at 

approximately 18°N. The combination of moisture flow, orographic lift, and diabatic heating 

over the mountain ranges in the southwestern AP creates atmospheric instability facilitating 

convective organization and precipitation.  

 

1.5. MOTIVATION 
 

 Improving the accuracy of sub-seasonal forecasts of extreme precipitation in the AP is 

important to address the need of reliable extreme weather predictions. The time period of sub-

seasonal forecasts falls between those of medium-range numerical weather predictions (one to 

two weeks) and seasonal forecasts (three to six months) (Vitart et al. 2017; Robertson et al. 
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2020). In this time window, the three- and four-week lead time forecasts would be helpful to 

reduce fatalities and mitigate physical damage from flash flooding and confer significant 

socioeconomic benefits. This sub-seasonal forecasting has been known to be challenging because 

the forecast lead time is sufficiently long that it potentially loses the memory of the atmospheric 

initial conditions, and too short to have the influences from the variability of ocean boundary 

conditions (Vitart et al. 2017; Liang and Lin 2018).   

 In recent years, some studies have been conducted to evaluate the existing sub-seasonal 

forecast systems with coarse spatial resolution (> 0.1º) as compared to those with convective-

permitting spatial resolutions. Jie et al. (2017) demonstrated the value of the modeling system in 

predicting precipitation during the Asian summer monsoon season. Vuillaume et al. (2018) also 

show the high predictability of extreme precipitation over Sri Lanka. The window of opportunity 

of these predictions is attributed to the modes of climate variability (Mariotti et al. 2020; 

Merryfield et al. 2020) that includes the boreal summer intra-seasonal oscillation, the Madden 

Julian Oscillation (MJO), and the El Niño Southern Oscillation. 

 A recent study by Weber et al. (2020) that assessed the impact of using convective-

permitting configuration on the sub-seasonal forecasts found the configuration produces less than 

20% difference of averaged accumulated precipitation over the tropics relative to the Tropical 

Rainfall Measurement Mission (TRMM) 3B42 precipitation dataset, when compared to other 

models with coarser resolution. This precipitation forecast skill is likely related to the model’s 

ability to capture the eastward propagation of the MJO (Weber et al. 2020). 

 

1.6. OBJECTIVES 
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 Using CPM, the study dynamically downscales long-term European Centre of Medium-

range Weather Forecasts sub-seasonal to seasonal reforecasts (ECMWF S2S reforecasts) to 

investigate potential value added in the precipitation forecast skill. This work lays out the paths 

for improving the capability of extreme weather forecasting in the AP and establishing a 

replicable methodological approach for sub-seasonal CPM in other parts of the world. The 

objectives of this study are threefold: 1) to demonstrate the potential improvement of extreme 

cool-season precipitation forecasting of a CPM over the AP with one-, two- and three-week lead 

times, 2) to identify the regions and periods of forecast opportunity, and 3) to investigate the 

predictability of synoptic-scale forcing at these sub-seasonal time scales. 

 

CHAPTER 2: PRESENT STUDIES 
 

2.1. EVALUATING FORECAST SKILLS OF MOISTURE FROM CONVECTIVE-

PERMITTING WRF-ARW MODEL DURING 2017 NORTH AMERICAN 

MONSOON SEASON 

 

This study investigates the moisture forecast skills of the convective-permitting WRF-

ARW model on the strongly and weakly forced days during the 2017 NAM season. The 

simulations utilize two different sets of lateral boundary forcing and initial conditions, 

namely the Global Forecast System (referred to as WRF-GFS) and North American 

Mesoscale (referred to as WRF-NAM) models. The models are designed with three nested 

domains, with 30, 10, and 2.5 km spatial resolutions, and 27 vertical levels with sigma 

coordinate. The modeled PWV and precipitation are evaluated relative to the GPS-PWV 
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from the GPS Hydromet 2017 and the Global Precipitation Measurement Final (GPMF) 

precipitation product, respectively.  

To evaluate the PWV forecast skill, the study compares the modeled PWV with the GPS-

PWV in the sub-diurnal interval for both strongly and weakly forced days. The modeled 

PWV is defined as a function of pressure and specific humidity in all vertical levels. The 

study uses basic statistical analysis (i.e., mean and bias) for modeled precipitation in hourly 

interval and compares it with those of the GPMF precipitation. To measure the accuracy of 

the modeled precipitation, categorical statistics are used. These include Critical Success 

Index (CSI), Probability of Detection (POD), and False Alarm Ratio (FAR) as explained in 

Wilks (2011). The study also conducts a sensitivity analysis of WRF-GFS PWV, 

precipitation, and moisture flux convergence (QCONV) of one weakly and one strongly 

forced day. The analysis measures the domain-wide change of the three variables in the later 

forecast hours given the initial modeled PWV in 30 ensemble members.  

The results show as follows. The WRF-GFS and WRF-NAM PWV exhibit wet biases 

since the initial forecast hour, with WRF-NAM PWV exceeding the standard error. Due to 

rapid increase and decrease of the modeled PWV after 6 h into the forecast, both WRF-GFS 

and WRF-NAM PWV is out of phase with time in their diurnal cycle compared to GPS-

PWV. This problem likely contributes to the early initiation and early termination (in 0300-

0600 UTC period) of precipitation in WRF-GFS and WRF-NAM, while GPMF and rain 

gauge measurement still show ongoing precipitation. The modeled precipitation exhibits dry 

bias starting in 0000-0300 UTC period. Both models also underestimate the westward 

propagation of MCSs in the later forecast hours.  
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The difference of the CSI, POD, and FAR scores between the strongly and weakly forced 

day simulations suggest that the modeled precipitation forecast skill is low on the weakly 

forced days in both WRF-GFS and WRF-NAM and underestimates the westward MCS 

propagation. Across the domain, the WRF-GFS PWV is sensitive to the initial PWV in the 

coastal sites, while the WRF-GFS precipitation and QCONV are more sensitive to the initial 

PWV in the mountainous sites. The study suggests that assimilating GPS-PWV during the 

weakly forced days is likely to improve the initial state variables, and thus improve the 

precipitation forecast skills.         

 

2.2. THE IMPACT OF ASSIMILATING GPS PRECIPITABLE WATER VAPOR IN 

CONVECTIVE-PERMITTING WRF-ARW ON NORTH AMERICAN 

MONSOON PRECIPITATION FORECASTS OVER NORTHWEST MEXICO 

 

This study configures the PWV DA method in the convective-permitting WRF model and 

assess the impact of DA on short-range NAM precipitation forecasts (referred hereafter as 

DA forecasts) across 38 weakly forced days during the 2017 NAM season over northwest 

Mexico. Using the same WRF dynamical configuration and domain of the first study, this 

second study designs the DA configuration. With GPS-PWV data from 18 observation sites 

sparsely scattered, the optimal DA configuration consists of 30 ensemble members and uses 

12-h DA cycle where the final analysis is at 1800 UTC, approximately near the convection 

initiation time. Following the suggestion in Moker et al. (2018), the study sets the horizontal 

and vertical cutoff radius of Gaspari Cohn (GC; Gaspari and Cohn 1999) function to 0.07. 
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For the control run, the simulations use the same WRF configuration but without DA 

(referred hereafter as NODA forecasts).   

   Six variables from the DA forecast simulations are evaluated within the area of highest 

GC influence (hereafter referred as GC11) and within the convective-permitting domain 

(d03). These variables include PWV, precipitation, cloud top temperature (CTT), most 

unstable convective available potential energy (MUCAPE), 2-meter dewpoint temperature 

(Td2), and 10-meter wind. The analyses involve mean and bias calculations in the diurnal 

cycle, categorical statistics (i.e., CSI and POD), the statistical significance of the DA and 

NODA simulations, and fraction skill score (FSS). GPMF precipitation product is used as the 

precipitation ground reference. 

 The results show positive impacts on the moisture and precipitation in the DA forecasts 

compared to the NODA forecasts. The DA forecasts reduce PWV errors relative to the GPS-

PWV. The difference between the DA PWV and NODA PWV is statistically significant at 

0700, 0800, 0900, 1000, and 1100 UTC. The mean DA PWV across spatiotemporal domain 

is lower than that of NODA resulting in a relatively drier environment except within GC11 at 

the first 3 hours into the forecast. After 0300 UTC, the DA forecasts are able to maintain the 

precipitation after 0300 UTC over the GC11 and to the south, while the NODA forecasts 

terminate the precipitation. The average difference over the GC11 is 0.1 mm h-1 at 0300-0600 

UTC. The DA precipitation forecast skill over GC11 is higher after 0600 UTC than that of 

NODA, as reflected in the POD, CSI, and FSS analyses. They are also statistically 

significant.  

 Other moisture variables confirm the above findings. The DA CTT over the GC11 is 

colder than that of NODA starting at 0300 UTC. This means that the DA forecasts maintain 
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stronger convective systems which in turn generate more precipitation than that of NODA. In 

the GC11 the DA MUCAPE is higher than that of NODA between 0000 to 0600 UTC, 

creating a more favorable environment for convective organization. The average DA Td2 

over the GC11 is also higher than that of NODA in the first 12 h into the forecast, indicating 

more moisture is distributed near the surface in the DA forecasts. Its combination with the 

10-m wind convergence over the SMO creates atmospheric instability favorable for 

convective development in the DA forecasts.    

   The study acknowledges some remaining issues. The error reduction in the DA PWV 

does not adequately translate to the adjustment in the PWV diurnal phase. There are many 

other factors contributing to the PWV such as pressure, temperature, and topography. The 

DA performance is influenced by the choice of the GC localization radius and the limited 

sensitivity of PWV to surface moisture. There is a non-linear relationship between PWV and 

precipitation. Finally, our understanding on physical and thermodynamic processes that 

influence moisture transport and recycling in the NAM region is still limited. Assimilating 

other meteorological data may benefit the representation of those processes.    

 

2.3. RETROSPECTIVE SUB-SEASONAL FORECASTING OF EXTREME 

PRECIPITATION EVENTS IN THE ARABIAN PENINSULA USING 

CONVECTIVE-PERMITTING MODELING 

 

This study assesses the potential of sub-seasonal forecasting of cool-season precipitation 

events in the Arabian Peninsula using convective-permitting WRF (referred to as CP-WRF), 

identifies the region and periods of forecast opportunity, and investigates the predictability of 
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synoptic-scale forcing at sub-seasonal time scales. The study selected 18 extreme 

precipitation events between 1999 to 2018 based on 20-mm day-1 total precipitation threshold 

in Jeddah. The self-organized map (SOM) analysis in Luong et al. (2020) categorized ten 

events as driven by extratropical regime and eight by tropical regime.  

The configuration of the WRF model consists of two nested domains with horizontal 

resolutions of 20 km (d01) and 4 km (d02), each with 53 vertical levels in eta coordinates. 

The lateral boundary conditions and initial conditions use the ECMWF S2S reforecast dataset 

(referred to as raw ECMWF) with 11 ensemble members, with a spatial resolution of 0.25° × 

0.25° on days 0 to 10 and 0.5° × 0.5° on day 11 to 46. To evaluate the CP-WRF output, the 

study uses the precipitation products from the Global Precipitation Measurement Final 

Precipitation L3 v06 (hereafter referred to as GPMF; Huffman 2018) and the King Abdullah 

University Science and Technology – Reanalysis (hereafter referred to as KAUST-RA; 

Dasari et al. 2019) as the ground references.  

 Two variables of the model output evaluated in this study are the precipitation and 

geopotential heights from the one-, two-, and three-week lead time forecasts (referred to as 

W1, W2, and W3, respectively). Due to uncertainty of timing and locations at sub-seasonal 

time scales, the evaluation considers three-day total precipitation for W1, and seven-day total 

precipitation for W2 and W3 centered at the event. It also applies a neighborhood verification 

technique that considers the modeled events in ± 4 grid points, covering approximately 90 

km ×90 km, approximately twice the raw ECMWF grid spacing. The statistical analyses used 

in the study include calculation of mean and bias, Student-t test, correlation coefficient, CSI, 

POD, FAR, and Relative Operating Characteristic (ROC) which includes Area Under the 

Curve (AUC). 
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 The results show that the CP-WRF generates more precipitation in the extratropical 

events at all lead times than the raw ECMWF. Precipitation occurs in the central Red Sea, the 

central AP, and the Zagros Mountains. During the tropical events, CP-WRF does not 

generate precipitation as much as the raw ECMWF in the central Red Sea at all lead times. In 

both categories, the CP-WRF precipitation exhibits negative biases relative to the GPMF and 

KAUST-RA precipitation, but positive biases relative to the raw ECMWF.  

 In the CSI, POD, and FAR analyses, which use 20 mm threshold, the precipitation 

forecast skill of CP-WRF is notably higher in the extratropical events in the central Red Sea, 

the central AP, and the Zagros Mountains at all lead times than that of raw ECMWF. 

However, the CP-WRF precipitation forecast skill over the central Red Sea is lower over 

Jeddah and the Red Sea at W1 and W2 than that of the raw ECMWF. The persistent SST in 

the central Red Sea is likely to reduce the forecasting ability of the CP-WRF. Irrespective of 

the ground references (i.e., GPMF and KAUST-RA), these results are consistent and 

generally field significant (>90%) for CSI and POD analyses. When applying the frequency 

distribution, the POD pixels greater than 0.8 in the CP-WRF outnumber those in the raw 

ECMWF at all lead times. Their differences at W1 and W3 are statistically significant, but at 

W2 only for PODs greater than 0.9 are statistically significant. 

 Irrespective of the ground references, the ROC analysis, which also uses 20 mm 

threshold, shows that the CP-WRF outperformed the raw ECMWF in both regimes at all lead 

times, with AUC greater than 0.5 almost in all events. Note that at W1, the raw ECMWF has 

already exhibited forecast skill with AUC of 0.5, and yet the CP-WRF improves the AUC 

scores. Thus, the CP-WRF improves the predictability of extreme precipitation events (> 20 

mm), up to three weeks ahead of the events on sub-seasonal forecast time scales.  



 

 

23 

 

 The Pearson’s correlation coefficients between the ECMWF reanalysis interim (ERA-I) 

and the raw ECMWF 500-hPa geopotential height at all lead times were consistently higher 

for the extratropical events than those for tropical events. The raw ECMWF extratropical 

contour lines also match those of Luong et al. (2020). However, the correlation coefficients 

of the 850 hPa geopotential height in the tropical events is higher than those in the 

extratropical events. The study hypothesizes that the predictability is greatly reduced due to 

the rapid changes of near-surface variables such as the SST, moisture fluxes, and near-

surface temperature.    

 This study was constrained by the low number of events and ensemble size, but it 

demonstrates the potential improvement in forecasting extreme cool-season precipitation 

over the AP at sub-seasonal time scales. If this potential is realized, we could establish a 

forecast system for extreme weather warnings beyond the weather forecast timescales over 

the AP. 

 

CHAPTER 3: PAVING THE FUTURE 
 

There are few instances that make our studies important in our world today. First, the 

world today experiences the various impacts of climate change on human, society, and natural 

systems. Recent extreme precipitation events that caused deadly floods in western Germany and 

landslides in Atami, Japan, both in July 2021, were due to the changing in climate patterns. To 

adapt to the changes, weather forecasts in daily and sub-seasonal time scales that can provide 

early warnings are indispensable for our daily life. Thus, it is crucial to improve the techniques in 

data assimilation and convective-permitting modeling so that our forecasts will be more accurate. 
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Moreover, the importance of weather and climate modeling has also been recognized this year by 

the scientific community. The 2021 Nobel Prize in physics is awarded to two pioneers in weather 

and climate modeling, Dr. Syukuro Manabe of Princeton University and Dr. Klaus Hasselmann 

of Max Planck Institute for Meteorology.    

Secondly, our studies have been conducted outside the United States where 

meteorological data are very limited or nonexistent. It means the operational weather models are 

not adequately corrected via data assimilation. As a result, the forecasts may contain significant 

biases in representing the atmospheric variables and are less accurate, for instance, in projecting 

extreme weather events. Our study on assimilating GPS-PWV demonstrates the opportunity to 

reduce the forecast errors and produce better high-resolution forecasts utilizing GPS-derived 

moisture data. This technique is affordable and reliable for regions or countries with limited 

financial sources, limited manpower, and complex terrains. The GPS antenna / sensor can be set 

up in remote areas and can collect PWV data in all-weather condition. It is also important to note 

that research in seismology and volcanology often have GPS-antenna network to measure 

changes in tectonic plates. Collaborating with them can potentially provide us with PWV data for 

our weather models.   

Thirdly, the gap between the short-range / daily weather forecasts and the long-term / 

seasonal forecast has not been explored. In general, the weather forecasting community still 

believes that nothing is useful in forecasting weather beyond two weeks. Our convective-

permitting technique shows the opposite. Knowing that there is an opportunity in weather 

forecasting at sub-seasonal time scales is important especially for regions, like the Arabian 

Peninsula, where the effect of climate change is felt through extreme weather events.  
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A lot of things need to be done in the future, especially in developing the techniques of 

extreme weather predictions. The first and second studies on evaluating WRF-ARW and 

assimilating GPS-PWV data have demonstrated the potential improvement of the precipitation 

forecasts. It appears that GPS-sensor network with relatively high density (e.g., 20 km average 

distance) could potentially produce better precipitation forecasts. Providing there is an 

opportunity of having atmospheric profile data via radiosonde, we would assimilate the wind 

data too in addition to the dense GPS-sensor network. The lack of atmospheric profile data in our 

study hampered us from correcting the wind shear and moisture profiles which are crucial in 

atmospheric transport and diurnal convection. It will also be interesting, given there is an 

opportunity, to apply this GPS assimilation technique in other parts of the world, for instance in 

Sumatra, Indonesia, where there is a GPS network consisting of 60 GPS antennas, called the 

Sumatra GPS Array (SuGAr; Feng et al. 2015; Torri et al. 2019).  

In the third study, we also have seen the problem with sub-seasonal forecasting over the 

Red Sea, where the convective-permitting model does not adequately represent precipitation 

associated with the tropical synoptic pattern. With the promising results from the GPS-PWV 

assimilation, assimilating sea surface temperature (SST) in the convective-permitting models 

could potentially address the problem and reduce the state variable error in convective-permitting 

models. The SST data could be taken from buoys or satellite data (i.e., Moderate Resolution 

Imaging Spectroradiometer (MODIS)). Moreover, the technique of sub-seasonal forecasts over 

the AP could be extended to 4-week lead times. The preliminary results of it have shown that the 

model has precipitation forecast skill comparable to the 3-week lead time for all events 

associated to the extratropical synoptic pattern. In the future, this technique can also be tested in 



 

 

26 

 

other parts of the world, like Chile where the climate is similar to that of the Arabian Peninsula 

and SST over the eastern Pacific plays an important role in convection and precipitation. 

Apart from data assimilation, the physics schemes used in WRF-ARW need to be 

evaluated and perhaps adjusted for arid / semiarid regions with complex terrains. The schemes 

include cumulus convective scheme and planetary boundary layer (PBL) scheme that are 

responsible for representing precipitation. Luong et al. (2018) have demonstrated that a modified 

Kain-Fritsch convective scheme lowers the precipitation bias over the southwest United States. 

New diagnostics that are introduced in the modified scheme are the updraft velocity, the 

convective available potential energy closure assumption, and the convective trigger function. 

Unfortunately, the modified scheme is machine dependent. Regarding the PBL, we first need to 

evaluate the current scheme, and perhaps try to correct it with assimilating observed PBL height 

data from LiDAR. This first step is crucial in finding out the sensitivity of the PBL to the 

moisture and precipitation forecasts.  

These meteorological studies are heavily dependent on observational data both in-situ 

and remote sensing. We have mentioned that highly temporal and spatial data are beneficial for 

data assimilation. However, the data is also important for model validation. In all three studies, 

we relied on satellite and reanalysis precipitation products for modeled precipitation validation. 

Unfortunately, these products are not optimally calibrated against rain gauge and radar 

measurements from the sites since those measurements are very limited or nonexistent. As a 

result, the precipitation products may still have significant biases. Complex terrains such as the 

SMO make satellite-based precipitation estimate less reliable because of lack of precipitation 

measurement in the region. The best way to solve this problem is to establish meteorological 

observation network consisting of automated meteorological stations in the regions. Research 
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and academic institutions could work together in creating the network, which may benefit the 

education of young generation of meteorologists and climatologists as well as the society in 

general.  

Finally, data collection also opens up a new opportunity in developing weather prediction 

models that incorporate Artificial Intelligence / Machine Learning (AI/ML) techniques. 

Atmospheric profiles from radiosonde, for instance, are a potential big-data base for weather 

prediction in the future since the 12-hourly data is available from as early as 1905 (Durre et al. 

2018). An AI/ML technique can be built to read the data and produce useful outputs that help 

NWP model to predict daily weather forecasts. In the context of forecasting extreme weather 

events, some tests on the AI/ML technique may be necessary since the radiosonde data may not 

have enough traces of extreme weather events.      
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ABSTRACT 
 

This paper examines the ability of the Weather Research and Forecasting model forecast to 

simulate moisture and precipitation during the North American Monsoon GPS 

Hydrometeorological Network field campaign that took place in 2017. A convective-permitting 

model configuration performs daily weather forecast simulations for northwestern Mexico and 

southwestern United States. Model precipitable water vapor (PWV) exhibits wet biases greater 

than 0.5 mm at the initial forecast hour, and its diurnal cycle is out of phase with time, compared 

to observations. As a result, the model initiates and terminates precipitation earlier than the 

satellite and rain gauge measurements, underestimates the westward propagation of the 

convective systems, and exhibits relatively low forecast skills on the days where strong synoptic-

scale forcing features are absent. Sensitivity analysis shows that model PWV in the domain is 

sensitive to changes in initial PWV at coastal sites, whereas the model precipitation and moisture 

flux convergence (QCONV) are sensitive to changes in initial PWV at the mountainous sites. 

Improving the initial physical states, such as PWV, potentially increases the forecast skills. 

 
1. INTRODUCTION 
 

The North American monsoon season (NAMS) in northwestern Mexico and the southwestern 

United States generates severe thunderstorms with extreme precipitation. There are several 

unique natural hazards associated with the monsoon thunderstorms. Flash flooding and 

landslides occur due to the low moisture capacity of the soil and the generally steep structure of 

the terrain in the region (Castro et al. 2001; Ray et al. 2007). Microbursts with high winds near 

the surface exceeding 25 m s−1 may damage the natural landscape and built infrastructure 

(Willingham et al. 2011). Monsoon precipitation generally occurs from late June to mid-
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September, accounting for approximately 70% of the total annual rainfall in the western foothills 

of Sierra Madre Occidental (SMO), including the Mexican states of Sonora, Sinaloa, and Nayarit 

(Adams and Comrie 1997), and 30% to 50% of annual rainfall in Arizona and New Mexico 

(Douglas et al. 1993). North American monsoon precipitation is a critical source of water for 

human and natural systems in this region (Castro et al. 2001; Ray et al. 2007; Vivoni et al. 2007). 

Past work (Serra et al. 2016; Moker et al. 2018) has aimed to improve the North American 

monsoon precipitation forecast using convective-permitting modeling for retrospective numerical 

weather prediction (CPM NWP). Prior studies concluded that a CPM NWP could reasonably 

represent extreme monsoon precipitation events, especially in situations where mesoscale 

convective organization is facilitated by synoptic-scale features. A numerical weather prediction 

model is likely to produce a better forecast of severe thunderstorms and extreme precipitation 

during NAMS if it can represent both the mesoscale and the synoptic-scale features favorable for 

convective development. 

NAMS thunderstorm development on the mesoscale is closely related to the diurnal cycle of 

convection over complex topography (Gochis et al. 2004; Nesbitt et al. 2008). The diurnal cycle 

of convection requires atmospheric moisture and thermodynamic instability. There is 

disagreement within the literature as to the exact sources of moisture for the NAMS. Adams and 

Comrie (1997) point out that the Gulf of Mexico (GoM) contributes to the upper-level (700 hPa 

to 200 hPa) moisture, and the Gulf of California (GoC) to the lower-level (below 700 hPa) 

moisture. The latter, also known as the gulf surge, is driven by the diurnal surface heat low 

forming over southwest Arizona and southern California. It is an important ingredient for the 

development of convection in the southwest United States (Fuller and Stensrud 2000; Higgins et 

al. 2004; Higgins and Gochis 2007). The gulf surge significantly impacts the PWV along the 
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coastlines of the GoC (Serra et al. 2016), as it propagates northwestward along the GoC 

(Zehnder 2004). In this study, PWV is defined as the total water vapor in a given vertical column 

of the atmosphere per unit cross-sectional area. It is commonly expressed in the height of the 

water produced by the condensation of the total water vapor in the vertical column. However, 

Moker et al. (2018) suggests the impacts of the gulf surge on the convective development over 

northwest Mexico is negligible. Other studies (Vivoni et al. 2007; Bohn and Vivoni 2016; Hu 

and Dominguez 2015) have given novel insight on the recycling of soil moisture and 

evapotranspiration, with respect to NAMS precipitation. Hu and Dominguez (2015), for 

example, found that terrestrial evaporation contributes around 40% of the moisture during 

NAMS. 

Thermodynamic instability occurs in conjunction with daytime heating. Upslope surface flow 

in the late morning leads to the convective development at around noon, over the crest of SMO 

(Johnson et al. 2010). The convection propagates westward in the late afternoon (Nesbitt et al. 

2008; Johnson et al. 2010). The convection may grow and organize into mesoscale convective 

systems (MCSs), which would reach the GoC by late evening (Farfán and Zehnder 1994; 

Janowiak et al. 2007; Nesbitt et al. 2008; Finch and Johnson 2010). 

NAMS onset is generally marked by the changing of the upper-level (300–250 hPa) flow 

from westerly to easterly over northwest Mexico and the southwest United States, as the upper-

level anticyclone, or monsoon high, shifts northward (Douglas et al. 1993; Adams and Comrie 

1997). A key synoptic feature is an inverted trough (hereafter referred to as IV), which 

propagates on the southern flank of the monsoon high (Pytlak et al. 2005; Douglas and Englehart 

2007). This mid- to upper-level tropospheric low is associated with the mid-latitude breaking of 

Rossby waves or tropical upper-troposphere troughs. An IV induces a mid-level cyclonic 
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circulation that dynamically facilitates convective organization (Adams and Souza 2009; Bieda 

et al. 2009; Finch and Johnson 2010). Monsoon precipitation is significantly enhanced, 

especially in areas subject to less frequent monsoon precipitation driven by MCSs, such as west 

of the crest of SMO and the Mogollon Rim. The total precipitation doubles during the days with 

IVs, compared to the days without IVs (Douglas and Englehart 2007; Bieda et al. 2009). 

Previous studies (Mo et al. 2005; Gutzler et al. 2009) have suggested applying high-

resolution models for North American monsoon precipitation forecasts. The work of Moker et al. 

(2018) shows the importance of resolving atmospheric features within the meso-γ scale (1 to 4 

km) using convective-permitting modeling. At this scale, monsoon convective structures, such as 

squall lines and outflow boundaries, can be realistically represented, similar to other parts of the 

world (Prein et al. 2015). Even though the size of MCSs could be in the order of 1000 km, the 

development depends on the meso-γ scale features and requires less than 4 km grid spacing to 

reasonably represent them. 

The North American Monsoon Global Navigational Satellite System (GNSS)/Global 

Positioning System (GPS) Transect Experiment 2013 (hereafter referred to as Transect 2013) 

collected PWV data derived from nine GPS receiver antennas over northern Mexico. The 

Transect 2013 was in part motivated by the work of Kursinski et al. (2008), which shows that 

convective precipitation NWP forecasts over northwestern Mexico are sensitive to the initial 

specification of PWV. The work of Moker et al. (2018) found that retrospective NWP 

simulations using the Advanced Research version of the Weather Research Forecasting (WRF-

ARW) model exhibit a moist bias in the initial PWV compared to observed PWV, and that the 

days with the presence of transient, upper-tropospheric IVs have higher modeled precipitation 
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forecast skill than the days without the presence of IVs, especially over the slopes of northern 

SMO. 

A second field campaign, the North American Monsoon GPS Hydrometeorological Network 

(hereafter referred to as GPS Hydromet 2017), was conducted from late June to mid-September 

2017. The field campaign collected monsoon-related meteorological data, including GPS-derived 

PWV, over northwest Mexico and the southwest United States. Based on the data of GPS 

Hydromet 2017, we set two objectives for this study: first, to evaluate the forecast skills of 

moisture from the convective-permitting WRF model in simulating the monsoon precipitation 

events of 2017, similar to the analyses by Moker et al. (2018) in Transect 2013; second, to 

examine the sensitivity of the model-equivalent PWV, precipitation, and QCONV across the 

domain, especially with respect to the presence and the absence of IV, as well as to the different 

elevations of the sites. Other types of simulated hydrometeors were not included in our study, 

due to lack of observations to verify them. 

 
2. DATA AND MODEL DESCRIPTION 
 
2.1. OVERVIEW OF THE DATA COLLECTION AND GROUND REFERENCE 
 

As mentioned in the previous section, the meteorological data used in this study were 

collected during the GPS Hydromet 2017 field campaign. There are 20 observation sites installed 

in the area; 12 temporary field observation sites during the campaign period, indicated by circles 

in Figure 1, and eight permanent ones that belong to the Trans-boundary, Land and Atmosphere 

Long-term Observational and Collaborative Network (TLALOCNet), marked by squares in the 

same figure. The network of these observation sites covers elevations from sea level to over 2000 

m above mean sea level (msl) in four different Mexican states: Sonora, Sinaloa, Chihuahua, and 
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Baja California. Surface meteorological data gathered from these sites include atmospheric 

pressure, surface temperature, relative humidity, precipitation, wind speed, and wind direction 

with one-minute temporal resolution. Four stations, OPDE, RAYN, REF1, and TSFX, failed to 

record precipitation data during the field campaign. 

Eighteen observation sites were equipped with GPS meteorological sensors/receivers, from 

which the zenith total delay (ZTD) estimate can be retrieved. With dual-frequency receivers, the 

delay of the signal traveling from the satellite to the receiving antenna is related to the total 

moisture content in the troposphere (Bevis et al. 1992; Moore et al. 2015). PWV can be 

estimated at 5-min intervals using the GNNS-inferred positioning system (GIPSY) processing 

technique, developed by the Jet Propulsion Laboratory (JPL). The integrated PWV is a function 

of the ZTD estimate, along with surface pressure and temperature measurements (Rocken et al. 

1993; Fernandes et al. 2006; Adams et al. 2011). The advantages of GPS PWV are high temporal 

resolution and the ability to continuously observe in all weather conditions. In particular, the 

GPS Transect 2013 and dense networks are able to temporally resolve monsoon convective 

development and organization, and so may be useful for data assimilation in CPM NWP (Adams 

et al. 2011; Adams et al. 2015; Serra et al. 2016; Adams et al. 2017). Details of the retrieval 

technique and the GIPSY processing data are found in Moore et al. (2015) and Fernandes et al. 

(2006), respectively. 

For purpose of model evaluation, we add seven precipitation datasets with 10-min temporal 

resolution from Comisión Nacional del Agua (CONAGUA) meteorological stations, indicated by 

triangles in Figure 1, as part of the field campaign. CONAGUA observation sites are located in 

Sonora. With these additional precipitation data, the study utilizes 23 observation sites equipped 

with rain gauge measurements. Details of observation site information are listed in Table 1. 
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Four satellite-derived precipitation products provide gridded precipitation estimates: (i) 

Integrated Multi-satellitE Retrievals for Global Precipitation Measurement Early Precipitation 

L3 Half Hourly 0.1 degree x 0.1 degree V05 (GPM_3IMERGHHE V05; referred to as GPM 

Early), and (ii) GPM_3IMERGHH V05 (referred to as GPM Final), with similar spatial and 

temporal resolutions (Hou et al. 2014; Huffman et al. 2017); (iii) the National Oceanic and 

Atmospheric Administration (NOAA) Climate Prediction Center morphing technique 

(CMORPH; Joyce et al. 2004) with 8 km/30 min resolution; (iv) and the Precipitation Estimation 

from Remotely Sensed Information using Artificial Neural Networks (PERSIANN; Sorooshian 

et al. 2002) with 0.25 × 0.25 degree and 1 h resolution. Details on all satellite-derived 

precipitation products are provided in Table 2. The field campaign data and the satellite data are 

available on http://hidromet-data.unison.mx/u/login upon request. 

There are notable differences among these satellite-derived precipitation products in 

comparison to rain gauge data. We compute the root mean square error (RMSE) and biases 

between the daily rain gauge and the satellite-based precipitation measurements from each 

observation site from 30 June to 12 September. Since the observation site is not always at the 

center of the grid point in the satellite products, we use inverse distance weighting technique to 

estimate the precipitation value. The result is shown in Figure 2. 

GPM Final has the lowest daily precipitation RMSE among the four products, whereas GPM 

Early has the lowest daily precipitation bias (Figure 2). The high elevation sites (>500 m) tend to 

have high RMSE of daily precipitation, relative to the low elevation sites. Both GPM Final and 

CMORPH underestimate daily precipitation over the mountainous areas, as seen in their negative 

bias in Figure 2. The error in estimating precipitation over mountainous areas has been 

previously documented. A study in East Africa by Dinku et al. (2011) shows CMORPH and 
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Tropical Rainfall Measurement Mission (TRMM)-3B42 underestimate rainfall over the 

highlands of Ethiopia. The work of Mei et al. (2014), finds that TRMM-3B42, CMORPH, and 

PERSIANN overestimate low precipitation and underestimate high precipitation accumulations 

over the eastern Italian Alps. 

Our finding is similar to that of Zhang et al. (2018), which showed that GPM Final 

outperformed CMORPH in estimating daily precipitation over regional and sub-regional scales 

and low and mid-elevations in the Tianshan mountains in China. Even though we did not include 

any TRMM product, many studies (Kim et al. 2017; Tan and Duan 2017; Zhang et al. 2018) 

have found that GPM Final performs better than TRMM, especially with respect to daily 

precipitation and the spatial distribution of precipitation. Since TRMM daily precipitation 

estimates are also found to be better than that of PERSIANN (e.g., Zhou et al. 2008), we 

conclude that GPM Final was the best satellite-derived precipitation product available during the 

GPS Hydromet 2017 field campaign. Therefore, we used only the GPM Final precipitation 

product for evaluating the model simulations. 

In addition, we used the Geostationary Operational Environmental Satellite 15 Water Vapor 

(hereafter referred to as GOES-15 WV) imagery to understand the synoptic patterns of the upper-

level atmospheric flow. This data are obtained from the NASA Langley Cloud and Radiation 

Research Group (http: //www-angler.larc.nasa.gov). Water vapor data from CONUS GOES 4 km 

and surface analysis with GOES West IR imagery are additionally considered. An analysis 

product from Global Forecast System (GFS) Analysis is utilized to ascertain the wind patterns at 

300 hPa, and potential vorticity (PV) anomalies at the dynamic tropopause, for detection of IVs. 

The WV imagery, the 300 hPa winds, and the PV anomaly, are examined prior to the period of 

monsoon precipitation to identify the characteristics of the monsoon day, explained in Section 
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3.a. Table 3 shows the details of these additional datasets and their purpose within the scope of 

this study. 

 

2.2. CONVECTIVE-PERMITTING MODEL CONFIGURATION 
 

The Advanced Research of the Weather Research and Forecasting (WRF-ARW; Skamarock 

and Klemp 2008) model, version 3.9, is used for retrospective daily convective simulations 

(NWP hindcasts) for the duration of GPS Hydromet 2017. The configuration is based on the real 

time quasi-operational model in the University of Arizona, Department of Hydrology and 

Atmospheric Sciences (http://www.atmo.arizona.edu/ ?section=weather&id=wrf). The design of 

the experiment is very similar to that of Moker et al. (2018), consisting of three nested domains 

(d01, d02, d03), as described in Figure 1 and Table 4. 

The vertical dimension has 27 levels with sigma coordinate, in which the hydrostatic pressure 

follows the topography of the terrain (Skamarock and Klemp 2008). The inner domain is similar 

to that of Transect 2013, which is based on the North American Monsoon Experiment (NAME) 

2004 Tier I region (Mo et al. 2005; Johnson et al. 2010). With 2.5 km grid spacing, the inner 

domain is CPM resolution with convective parameterization scheme deactivated and the ability 

to resolve convective development in meso-γ scale. 

The 24-h simulation is initialized at 1200 UTC for 48 selected days during the GPS 

Hydromet 2017 period, with two different sets of lateral boundary forcing and initial conditions: 

(1) the Global Forecast System model (hereafter referred to as WRF-GFS) and (2) the North 

American Mesoscale model (hereafter referred to as WRF-NAM). The GFS model has a spatial 

resolution of 0.5 degree, and the NAM model has a spatial resolution of 12 km. Because of its 
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spatial resolution, WRF-NAM uses only two domains, with 10 km and 2.5 km spatial 

resolutions. The complete list of physics schemes used in our models is provided in Table 5. 

 
 
3. ANALYSIS METHODS 
 
3.1.  CLASSIFYING IV AND NON-IV DAYS 
 

The work of Moker et al. (2018) classified monsoon precipitation based on synoptic and 

mesoscale features, and concluded that an IV is the most important feature for facilitating 

convective development. Applying the same criteria, we distinguish the days with monsoon 

precipitation from the days with monsoon break, light convection, or tropical cyclones (TC), and 

classify the monsoon precipitation days based on the presence and absence of IVs. 

We use surface meteorological data, the WV imagery from GOES 15 and CONUS GOES 4-

km, and GOES IR imagery to qualitatively identify the days with monsoon precipitation, within 

a region bounded by 26.0º–32.5º N and 114º –107.25º W. A monsoon ‘precipitation day’ is 

defined as when organized convection develops in the eastern slopes of SMO at around noon 

time LT (~1800 UTC), propagates off the high terrain of SMO and westward toward the GoC, 

reaches a mature stage around late afternoon LT (~0000 UTC), and dissipates at late evening LT 

(~0600 UTC), and when the 24-h total precipitation within the region exceeds 20 mm. Days with 

precipitation in association with a tropical cyclone are excluded. 

Based on Bieda et al. (2009) and Moker et al. (2018), we identify from the monsoon 

precipitation days subsets of the days with IVs and without IVs. We consider only the presence 

of IVs inside or approaching the monsoon core region (24–30º N and 106–112º W; Mo et al. 

2005; Finch and Johnson 2010; Johnson et al. 2010). GOES 15 WV and CONUS GOES WV 

imageries help detect the cyclonic pattern in the southern flank of the monsoon high. The GFS 
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Analysis 300 hPa winds and pressure anomaly at 2-potential vorticity unit (PVU) confirm the 

presence of IVs. A day with presence of an IV is referred to as strongly forced day, and the one 

without is a weakly forced day. During the GPS Hydromet 2017 field campaign, we found nine 

strongly forced days and 39 weakly forced days. The other days are classified monsoon break, 

light convective, or TC Lidia. Table 6 summarizes the meteorological classification of all days 

during the field campaign. 

We evaluate the model PWV by comparing the GPS-derived PWV with the model-equivalent 

GPS PWV in the sub-diurnal interval for weakly and strongly forced days. An inverse-distance 

squared weighting technique is used to extract the variables necessary to compute model-

equivalent GPS PWV from the 18 observation sites in the WRF simulation output. Model PWV is 

computed as: 
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Here 6 is pressure (Pa), including surface pressure (!;<=), assigned as 64;	)*	is water 

density (1000 kg m−3); , is gravity (9.81 m s−2); and 0# is specific humidity (kg water vapor/kg 

air), including specific humidity at 2 m (02), assigned as 0#4. This variable is defined as 
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, where 0#D!EF comes from the model output. The G and HG represent the model 

level and the number of model levels (i.e., 28) respectively. The unit of PWV is mm. The diurnal 

cycle of model PWV and GPS-derived PWV across observation sites for the weakly and strongly 

forced days, as well as the combined weakly–strongly days are then computed along, with the 

standard error of the observation. These model PWV and GPS-derived PWV are compared in 

terms of magnitude and phase. To make an appropriate comparison between the PWV and 
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precipitation diurnal cycles, the computation includes only 14 sites, which have both PWV and 

precipitation data. 

 
 
3.2.  FORECAST SKILL EVALUATION 
 

To evaluate the model precipitation, we compute the biases between the model precipitation, 

which is the non-convective rain (RAINNC) variable from the convective-permitting domain of 

the WRF, and the precipitation calibrated of the GPM Final product. Since the computation 

counts on every grid point within the domain, we scale up the model-equivalent precipitation 

grids from 2.5 km horizontal resolution to 0.1º using the Earth System Modeling Framework 

(ESMF) “conserve” function available in National Center for Atmospheric Research Command 

Language (NCL). In order to see the sub-diurnal development, we calculate the 3- and 24-hourly 

total precipitation and normalize it into a mean hourly precipitation rate. 

To measure the accuracy of the model-equivalent precipitation, categorical statistics are used. 

These verifications include Critical Success Index (CSI; Donaldson et al. 1975), Probability of 

Detection (POD), and False Alarm Ratio (FAR), as described in Wilks (2006). The mathematical 

definition of each is as follows: 
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A precipitation event is defined as the total accumulation of at least 2.5 mm (10 mm) in a 

grid point in the 6-hourly (daily) periods. The CSI, POD, and FAR values range from 0 to 1. As 

CSI and POD approach 1 (0), the WRF precipitation forecast skill increases (decreases). On the 

other hand, as FAR approaches 0 (1), the precipitation forecast skill increases (decreases). 

In order to assess the WRF precipitation forecast skill between the strongly and the weakly 

forced days, we subtract the CSI, POD, and FAR values of each grid in the weakly forced days 

from those in the strongly forced days, similar to Moker et al. (2018). The statistical field 

significance is computed with a Monte Carlo technique, as described by Livezey and Chen 

(1983). Using 1000 permutations, we resample the strongly and weakly forced days randomly 

and compute the statistical verifications. The critical value of the statistical field significance is 

set to 90%, which is the 900th value of the histogram. We examine both the 24-hour total 

precipitation and the 6-hour total precipitation. 

 

3.3.  SENSITIVITY ANALYSIS 
 

Finally, we conduct a sensitivity analysis of WRF-GFS PWV, precipitation, and QCONV of 

one weakly and one strongly forced day. The goal is to predict changes in the variance of these 

three metrics, given a set of ensemble forecasts (Torn and Hakim 2008; Torn et al. 2017). For 

this purpose, we first apply the CV3 background error covariance option in the WRF Data 

Assimilation system (Barker et al. 2012; Saslo and Greybush 2017; Moker et al. 2018) to add 

small perturbations on the outer most domain (d01) of the model meteorological fields at 0000 

UTC, in order to create 20 ensemble members. We spin them up for 6 hours to obtain 

appropriate variance of state variables in d03. Appropriate variance is achieved when the growth 

of the ensemble spread in the core domain (d03) across time stabilizes. We find that it stabilizes 
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in 6 to 12 hours. The variables being perturbed are stream function, unbalanced velocity 

potential, unbalanced temperature, specific humidity, and unbalanced surface pressure. Then, we 

integrate the model for another 6 hours to propagate the perturbations to the inner domain, so as 

to generate the initial condition. Each ensemble member is then run deterministically for 24 

hours starting at 1200 UTC, to generate an hourly forecast. 

The sensitivity analysis is computed using regression, as follows:  

 
U

∆W$,&,X3YZ
∆!"#$[$X\,X:]

^ =
_`abW$,&,X3YZ, !"#$[$X\,X:]c

aNQb!"#$[$X\,X:]c
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 (5) 

where W$,&,X3YZ represents a variable from the ensemble WRF-GFS at grid point (K, e), the 

subscript L + fℎ indicates the forecast hour (fℎ), and !"#$[$X\,X:] is the model-equivalent GPS 

PWV for each ensemble at each site at the initial condition. We interpret the results as the percent 

of change of a particular variable (or the local linear sensitivity) in the domain at the later 

forecast hours, to the change of initial PWV at a particular site (Moker et al. 2018). By omitting 

the last terms, i.e., 
\8[	h\i8bAj?klkmn,mopc

\8[	h\i8bqk,r,mstuc
, we have the results as the change in the variable at the 

later forecast hours to the change of initial PWV at a particular site, with the unit of the variable 

per mm of PWV.  

We compute the sensitivity analysis for PWV, precipitation, and QCONV per hour for each 

site. In relation to PWV and precipitation, QCONV, or moisture flux convergence, is a measure 

of horizontal and vertical water vapor convergence, as well as its advection in the atmosphere 

(Banacos and Schultz 2005). These terms can be derived from the conservation of water vapor 

equation. Even though QCONV is a diagnostic measure [kg kg−1 s−1], it is often used to help 

predict convective initiation in operational forecasting (Banacos and Schultz 2005). In this study, 
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the grids for the QCONV computation are scaled up from 2.5 km to 1/16° to smooth out the 

results. 

We classify the sites into coastal and mountainous areas, and we take the mean of the 

sensitivity across the sites for each class. To quantitatively compare the sensitivity of the 

mountainous with that of the coastal areas, the mean of the absolute values across the domain is 

calculated for each hour. The reason for this geographical classification is that the character of 

convective precipitation is different. Mountainous topography assists convective organization 

due to orographic lifting (Falvey and Garreaud 2007; Barret et al. 2009). Therefore, the 

frequency of precipitation in mountainous areas is generally higher than lowlands. The definition 

of coastal and mountainous sites is based on previous studies that use elevation-based threshold 

criteria. The work of Massmann et al. (2017) states that a mountainous area in mid-latitudes is 

defined as a land with elevation ranging from 500 to 1500 m msl. Barry (2008) specifies that a 

mountain region be above 600 m msl. The work of Luong et al. (2018) shows there is an 

elevation transition point of around 1000 m in association with mountain–valley convective 

precipitation, generated by a modified Kain and Fritsch convective scheme. Ideally, if we had 

more sites, we would have classified the domain into three classes, i.e., mountainous, coastal, 

and low-lying land. Due to the small number of sites, we classify the domain into two classes, 

i.e., mountainous and coastal areas. We define a mountainous area as any land with elevation 

higher than 500 m msl., and a coastal area as any elevation less or equal to 500 m msl, as shown 

in Figure 1b. There are seven GPS sites within the coastal area, and 11 GPS sites located within 

the mountainous area. 

In addition to the calculation of mean across the mountain and coastal sites, a covariance-

based Empirical Orthogonal Function (EOF) analysis is performed. The samples are all the 
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sensitivity analysis results of PWV for each site. We calculate the Eigen spectrum of the 

sensitivity to evaluate the variance explained. Significant differences in explained variance 

between the first two or three principal components indicate the existence of significant 

dominant modes or patterns. The regression maps are plotted by multiplying the first principal 

component with the data anomaly. The purpose is to confirm the dominant mode of the 

sensitivity at each forecast hour, and the sites with the strongest influence on the changes of 

PWV in the domain at the later forecast hours. We hypothesize that the dominant pattern in the 

sensitivity field should reflect the difference between coastal and mountain sites. 

 

4. WRF PERFORMANCE EVALUATION 
 

In our study, we simulate each day that is classified as a strongly or weakly forced day during 

the GPS Hydromet 2017 field campaign, per the criteria of Moker et al. (2018). The simulation is 

initialized at 1200 UTC (0500 LT) and runs for 24 hours. The following sub-sections are the 

evaluation of the model performance and skill. 

 
4.1.  PWV AND PRECIPITATION DIURNAL CYCLES 
 

In general, the WRF-GFS overestimates PWV diurnal cycle, no matter whether the event is 

classified as a weakly or strongly forced day (Figure 3a–c). However, in the last four hours of the 

forecast period, WRF-GFS PWV values are drier than the GPS-derived PWV values. Both for the 

combined and weak cases, the WRF-GFS PWV values are around 0.6 mm less than the GPS-

derived PWV values. Even though the difference between the model and the observations is 

obvious, most of the time the WRF-GFS PWV is within the standard error of the GPS-derived 

PWV measurement, as shown by the shaded areas, except in the period of 0100 to 0400 UTC 
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(1800–2100 LT). This is the time when diurnal precipitation is at its peak, as shown in Figure 

3d–f. 

The two maxima in the PWV diurnal cycle correspond to the two peaks of precipitation. 

When precipitation occurs, the atmosphere is saturated with moisture from rainwater droplets 

and cloud droplets. The two maxima occur because of the timing difference in precipitation peak 

at some sites. The first PWV maximum is associated with the first peak of precipitation, 

occurring around 2000 to 2200 UTC (1300–1500 LT) at MGDA and SA80 (Figures S1 to S2). 

The second PWV maximum, which occurs between 0000 to 0400 UTC (1700 to 2100 LT), is 

associated with the second peak of precipitation, similar to the finding by Nesbitt et al. (2008), 

which shows that a precipitation peak occurs between 1800 to 2000 LT.  

There is a timing issue in the WRF-GFS simulations. We note in Figure 3a that the WRF-

GFS PWV values decrease to the minimum, from 40.99 mm to 40.66 mm, within four hours of 

1900 UTC (1200 LT) to 2300 UTC (1600 LT), while the GPS-derived PWV values decrease 

from 40.53 mm to its minimum, 40.09 mm, in five hours from 1900 UTC (1200 LT) to 0000 

UTC (1700 LT). As a result, the WRF-GFS simulations reach the PWV minimum an hour earlier 

than the GPS-derived PWV does, creating an hour lag between the WRF-GFS PWV diurnal cycle 

and the GPS-derived PWV diurnal cycle. This holds true for weakly forced days (Figure 3b) and 

strongly forced days (Figure 3c). 

In Figure 3a, the WRF-GFS simulations rapidly increase the PWV values from 40.66 mm at 

2300 UTC (1600 LT) to maximum 41.60 mm at 0300 UTC (2000 LT) while the observations 

exhibit a slower increase over a longer time period, from 40.09 mm at 0000 UTC (1700 LT) to 

maximum 40.92 mm at 0900 UTC (0200 LT). As a result, the WRF-GFS PWV diurnal cycle 

reaches the second maximum around six hours earlier than the GPS-derived PWV. Thus, the 
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WRF-GFS PWV becomes more out of phase, compared with the GPS-derived PWV diurnal 

cycle, during the late afternoon to evening hours. At this time, WRF-GFS PWV values go beyond 

the range of the GPS-derived PWV standard error. Similar time lags and overestimation are also 

observed both in the weakly forced days (Figure 3b) and the strongly forced days (Figure 3c). 

The only noticeable difference between the weakly and strongly forced days is the amount of 

hourly WRF-GFS PWV in the last six hours of the forecast. The weakly forced days (Figure 3b) 

exhibit a rapid decrease, from 41.40 mm to 39.60 mm, in the last six hours of forecast. The final 

WRF-GFS PWV value is almost out of the range of standard error. The strongly forced days 

(Figure 3c), on the other hand, show a slow decrease from 43.50 mm to 41.75 mm, within the 

same period. The final WRF-GFS PWV value is within the range of standard error and close to 

the final GPS-derived PWV value. The difference is greater on the weakly forced days than on 

strongly forced days. 

The rapid decrease in WRF-GFS PWV corresponds to the early termination of convective 

precipitation (Figures 3d, 3e, 3f). The WRF-GFS precipitation for all cases is within the standard 

error of the rain gauge measurement, from about 2200 to 0200 UTC (1500 to 1900 LT). The 

modeled values are closer to the rain gauge than to the GPM Final product, whose values fall 

outside the range of standard error of the rain gauges. After 0200 UTC (1900 LT), the amount of 

precipitation decreases rapidly, from 0.65 mm at 0200 UTC (1900 LT) to less than 0.1 mm at 

0600 UTC (2300 LT), and exceeds the standard error, just as the WRF-GFS PWV decreases 

rapidly (Figure 3a). This behavior is basically the same for the weakly and strongly forced days. 

While the rain gauge and the GPM Final still indicate ongoing precipitation after 0500 UTC 

(2200 LT), the amount of WRF-GFS precipitation is close to zero. This low value marks the end 
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of the convective precipitation in the simulations. This early termination issue in the WRF-GFS 

precipitation is consistent with Moker et al. (2018). 

Unlike in the WRF-GFS simulations, the WRF-NAM simulations overestimate the PWV 

diurnal cycle throughout the forecast period, so that their values exceed the standard error 

(Figures 4a, 4b, 4c). This high bias holds true for the weakly and strongly forced days. At the 

initial forecast hour, the mean difference is more than 3.00 mm for weakly forced days, strongly 

forced days, and the combination of both. At the end of the forecast hour, the difference is 

around 1.00 mm for all cases. The WRF-NAM PWV diurnal cycle contains only one minimum 

and one maximum. The maximum in the first 12 h of forecast is not well defined. 

Similar to the WRF-GFS, the minimum and the maximum of the PWV diurnal cycle in the 

WRF-NAM are out of phase compared with those of the GPS-derived PWV diurnal cycle, due to 

rapid decrease and rapid increase within 12 h of forecast. The WRF-NAM PWV in Figure 4a 

reaches the minimum of 41.72 mm at 2100 UTC (1400 LT), compared with the GPS-derived 

PWV minimum at 0000 UTC (1700 LT), as shown earlier. Thus, it creates a three-hour lag 

within the 12-h forecast. The strongly forced days (Figure 4c) also exhibit higher PWV values 

throughout the diurnal cycle than the weakly forced days or the combination of both. The 

difference between the initial WRF-NAM PWV value and the GPS-derived PWV value almost 

reaches 4.00 mm. However, the strongly forced days do not exhibit any time lags, since the 

minimum of WRF-NAM PWV and GPS-derived PWV diurnal cycle occurs at 2300 UTC (1600 

LT). 

The high bias of WRF-NAM PWV generates precipitation as early as the first forecast hour at 

1300 UTC (0600 LT), as shown in Figure 4d–f. This model precipitation exceeds the standard 

error of the rain gauge measurements. The WRF-NAM precipitation values come to the standard 
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error range at 2100 to 0100 UTC (1400 to 1800 LT), even though overestimation occurs within 

the period. Similar to the WRF-GFS simulations, this model, in all cases, also exhibits rapid 

decrease in precipitation after 0200 UTC (1900 LT), marking early termination of convective 

precipitation. 

In summary, both the WRF-GFS and WRF-NAM simulations generate higher values in the 

PWV diurnal cycle at the initial forecast hour than the GPS-derived PWV. This result agrees with 

that of Moker et al. (2018), where wet bias was present in Transect 2013. While the WRF-GFS 

PWV is generally within the range of the standard error of observations, the WRF-NAM PWV is 

out of range of the standard error. The time lags and the rapid decrease of WRF-GFS PWV result 

in early termination of the WRF-GFS precipitation. It is also notable that the WRF-GFS 

precipitation is closer to rain gauge measurements than to satellite precipitation products. The 

overestimation of WRF-NAM PWV generates an early initiation and termination of modeled 

precipitation, with high positive bias. 

 

4.2.  PRECIPITATION DIURNAL CYCLE IN THE DOMAIN 
 

While Figures 3d–f and 4d–f show the mean diurnal cycles of precipitation across 14 

observation sites, Figures 5 and 6 exhibit the mean diurnal cycle of precipitation rate across the 

region (first row) and its bias (third row), with respect to the GPM Final precipitation products 

(second row). The display of these figures and the bias calculation are similar to those in Moker 

et al. (2018). The difference is that the study by Moker et al. (2018) finds no statistically 

significant bias between the strongly and weakly forced days in Transect 2013. In our study, the 

bias at 0900–1200 UTC between the strongly and weakly forced days is statistically significant 
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in the WRF-GFS simulations. For simplicity, we present the combined set of days for both the 

WRF-GFS and WRF-NAM simulations. 

The WRF-GFS simulations (Figure 5) show dry bias (−0.05 mm h−1) in the initial period 

(1200–1500 UTC). This negative bias remains for the next two periods (1500–1800 UTC and 

1800–2100 UTC), with mean bias values of -0.02 mm h−1. The precipitation in the WRF-GFS 

simulations begins in the 1800–2100 UTC period in the eastern slopes and high terrain of SMO. 

The timing of the precipitation onset more or less matches the GPM Final precipitation estimate, 

as seen on the second row. However, Figure 3 shows that the model initiates precipitation about 

an hour late with respect to the rain gauge observations. 

Starting in the 2100–0000 UTC period, the mean bias becomes more negative, especially 

around the mouth of GoC and the slopes of SMO to the east of TNTB. The convective systems 

that propagate toward the gulf and affect the coastal area (e.g., KINO and TNTB) and the 

western slopes of SMO are not resolved by the WRF-GFS simulations, as seen in the 0000–0300 

UTC period. Instead of developing and propagating westward, the model reduces the intensity of 

the precipitation, as marked by a large area of negative bias occurring along the coast of GoC, 

expanding from ITS1 to the south of TNTB and along the western slopes of SMO. After this 

period, the WRF-GFS model generates a precipitation rate less than 1 mm h-1, as seen in 0300–

0600 UTC panel. This reflects a relative lack of westward propagation of the convection. In the 

0600–0900 UTC period, the WRF-GFS simulations completely terminate the precipitation in the 

western slopes of SMO, while the GPM Final precipitation rate estimate still shows the ongoing 

convective systems moving across the GoC toward Baja California. 

The WRF-NAM simulations (Figure 6) have high positive biases in the area around TNHM, 

MZTN, USMX, RAYN, and OPDE at the initial hour, which corresponds to the high WRF-
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NAM PWV, and precipitation values relative to the GPS-derived PWV and rain gauge 

measurement mentioned in the previous section. The overall mean bias across the grids in the 

WRF-NAM simulations is 0.11 mm hr-1 in this early period of 1500–1800 UTC, which is much 

higher than that of the WRF-GFS in the same period. 

When compared with the GPM Final precipitation rate estimate, the peak of the mean 

precipitation rate in the WRF-NAM occurs in the 2100–0000 UTC period, 3 h earlier than the 

GPM Final precipitation estimate. In the 0000–0300 UTC period, the WRF-NAM simulation 

also does not resolve convective organization and propagation westward. Instead, it reduces the 

precipitation rate, resulting in a dry bias, especially in the western slopes of SMO (e.g., YESX). 

The mean dry bias continues to increase by 4 mm h−1 in the 0300–0600 UTC period along the 

eastern seaboard of GoC and the western slopes of SMO. The model does not resolve the 

remnant convective systems that propagate toward the GoC in the late evening to early morning 

hours, as captured by the GPM Final precipitation estimate in the 0600–0900 UTC period. 

The GPM Final precipitation estimate contains bias with respect to the rain gauge 

measurements, as shown in Section 2 and in sub Section 3.a. Thus, the bias calculation of the 

model precipitation rate, with respect to the GPM Final precipitation rate estimate, contains 

substantial uncertainty. We found that the WRF-GFS simulations initiate convective 

precipitation about an hour late with respect to the rain gauge observation, but in the same hour 

with respect to the GPM Final precipitation estimate. Contrastingly, the WRF-NAM simulations 

initiate convective precipitation much earlier than the rain gauge and GPM Final observations. 

Both the WRF-GFS and WRF-NAM simulations terminate the convective rain over the slopes of 

SMO too early when compared with the rain gauge and GPM Final observations. This early 

initiation and termination of the diurnal precipitation cycle in WRF has been found in a number 
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of studies, such as Vincent and Lane (2016) who show that the diurnal cycle of precipitation over 

the Maritime Continent during the Madden–Julian Oscillation passage occurs 4 to 5 h earlier 

than the observed precipitation cycle. The models also underestimate the westward propagation 

of the convective system, irrespective of the lateral boundary forcing, as also found by Moker et 

al. (2018). They also become drier in the period of peak precipitation (0000–0300 UTC), and at 

the end of the forecast hours, than the GPM Final and rain gauge measurements. A similar 

propagation issue has also been found by Hassim et al. (2016), over New Guinea. The study 

shows a possible link between the propagation of the convective system and the early initiation 

of precipitation due to atmospheric conditions such as gravity waves, mid-level tropospheric 

moisture, and low-level moisture convergence. 

 

4.3.  MODEL PRECIPITATION SKILL ANALYSIS 
 

In Figures 7 and 8, the CSI, POD, and FAR metric differences of the WRF-GFS and the 

WRF-NAM models, respectively, are displayed. Each shows the precipitation forecast skills of 

the WRF models. Blue (red) indicates the increased forecast skills for strongly (weakly) forced 

days. Field significance is displayed on the bottom left and the pattern correlation between the 6-

hourly and the daily forecast metrics is on the bottom right of each panel. 

Both models generally have similar patterns in each time period, but there are different 

details in each. In the 24-h period, the models exhibit increased forecast skill in strongly forced 

days in the western slopes and high terrain of SMO. However, the CSI and POD differences in 

the WRF-GFS appear to be lesser than those in the WRF-NAM simulations, as seen in Figures 

7j, 7k, 8j, and 8k. The FAR difference between the two models is similar. This implies that the 

forecast skill along the western slopes of SMO during strongly forced days is better than during 
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weakly forced days. Both models do not perform well in forecasting precipitation during weakly 

forced days over the western slopes of SMO and the coastal areas. 

In the 1800–0000 UTC period, the CSI and POD differences in both models are statistically 

significant, but not the FAR, difference. The correlations in the CSI and POD differences 

between this period and the daily period are also higher than that of the FAR. As displayed in the 

CSI, POD, and FAR differences (Figure 7a–c, Figure 8a–c), the forecast skill of the WRF-GFS 

and WRF-NAM during strongly forced days is better than weakly forced days, particularly in the 

western slopes of SMO (e.g., MZTN, YESX, ITS1). 

In the 0000–0600 UTC, the CSI and FAR differences of the WRF-GFS (Figure 7d and 7f) are 

not field statistically significant, while the CSI, POD, and FAR differences in the WRF-NAM 

(Figure 8d–f) are field statistically significant. The correlation values for all the differences are 

greater than +0.2. In general, both models exhibit better forecast skill during strongly forced days 

over the western slopes of SMO, and some parts of the coastal area. The FAR difference shows 

similarity for both simulations, but the WRF-NAM has higher correlation with the daily pattern. 

In the 0600–1200 UTC period, the POD metric difference in the WRF-GFS is field 

statistically significant (> 90%). The other metric difference is between 80% and 90%, except the 

FAR difference in the WRF-NAM (Figure 8i). The differences of the metrics between the 

strongly and weakly forced days are near zero for both model simulations. High forecast skills 

during strongly forced days are shown in the WRF-GFS and WRF-NAM simulations over the 

SMO eastern slopes and its high terrain. 

In summary, the WRF-GFS model exhibits higher forecast skills over the western slopes of 

SMO and the coastal area during strongly forced days in which the IV is present near or within 

the monsoon core region. The WRF-NAM model has high forecast skills over both the high 
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terrain of SMO and the coastal areas during strongly forced days. Yet, in general, both models 

are more challenged to forecast and propagate MCS development during weakly forced days. 

This finding confirms the results of Transect 2013 in Moker et al. (2018). 

 

4.4.  SENSITIVITY ANALYSIS 
 

Finally, we compare the mean sensitivity of the WRF-GFS PWV, precipitation, and QCONV 

across the domain, relative to the GPS-equivalent WRF-GFS PWV at the initial condition on the 

weakly forced day of 9 August, with those on the strongly forced day of 27 July. These two cases 

are taken for this analysis because both represent the characteristics of heavy monsoon 

precipitation based on the rain-gauge measurement in several sites, the extent of the convective 

clouds, and the dynamic pattern of the winds. 

On the strongly forced day (27 July), the winds in the 2-PVU layer (dynamic tropopause) 

turn counterclockwise inside the monsoon core region at 1200 UTC. It is a clear indication of the 

IV presence. This cyclonic turning generates a PV anomaly, indicated by 2-PVU layer lowered 

to around 260 hPa over the northern and eastern SMO (Figures 9c). As a result, the static 

stability decreases due to the upward tilting of the isentropes, thus, the environment is favorable 

for rising motion. Mature mesoscale convective system is developed to the northeast of the IV 

location at 0300 UTC on 28 July, as captured by GOES 15 WV (Figure 9a). The rain gauges in 

TNHM and MZTN measure 21.73 mm and 10.85 mm, respectively, at 0300 UTC, and in SA80 

measures 32.26 mm at 0400 UTC. 

On the weakly forced day (9 August), the 300-hPa layer does not contain cyclonic wind and 

the 2-PVU layer does not indicate any PV anomaly at 1200 UTC (Figure 9d). There is no IV 

presence. The pressure on the dynamic tropopause within the monsoon core region is almost 
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uniform, ranging from 100 to 160 hPa. In the presence of daily surface heating and water vapor 

content in the atmosphere, a convective system starts to organize at 2100 UTC over the western 

slopes of SMO. The convective system reaches a mature stage at 0300 UTC on 10 August, with 

less than 190-K cloud-top temperature, indicating strong updraft occurring in the system (Figure 

9b). The rain gauges at MZTN and TNHM measure 44.41 mm and 32.41 mm, respectively, from 

0300 UTC to 0600 UTC. Even though the synoptic forcing is clearly different between these two 

days, both have clear MCSs that are of nearly identical size and occur in basically same location 

over Sonora. 

We compute the mean sensitivity based on the topographical classification, i.e., mountainous 

sites and coastal sites, as shown in Figure 1 and explained in Section 3.c. The results show that 

the PWV in the domain is more sensitive to the change of initial PWV across the coastal sites 

than across the mountainous sites, both during the weakly forced day and strongly forced day, as 

shown in Figure 10. 

On the weakly forced day, the PWV is most sensitive over the northern part of SMO (Figure 

10c). A hundred mm change of initial PWV in the coastal sites produces a 5 mm or more increase 

of PWV in the area at those hours. A highly negative sensitivity occurs at 0000 UTC in the 

eastern slopes of SMO. This means that a 100 mm change in the initial PWV in the coastal sites 

generates around a 5 mm or more decrease of PWV in the area at that hour. On the strongly 

forced day, the PWV is negatively sensitive across the northern part of SMO. This means that a 

100 mm change of initial PWV in the coastal sites reduces the PWV in the region by around 5 

mm (Figure 10f). 

The statistically significant dominant mode, generated by the covariance-based EOF analysis 

(Figures 10a and 10d) at 0000 UTC, agrees with the mean sensitivity of PWV for both weakly 
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and strongly forced days, in Figure 10c and 10f, respectively. The pattern in Figure 10a 

resembles the pattern in Figure 10c, with a correlation value of 0.25. The area of positive 

percentage is situated across the northern SMO, stretching to east-northeast with area of negative 

percentage just to the south. The covariance-based EOF analysis confirms that the WRF-GFS-

equivalent initial PWV in the coastal sites influences the PWV across the domain in the later 

forecast hours more than the initial PWV in the mountainous sites. 

For the strongly forced day, the pattern in Figure 10d resembles the pattern in Figure 10f, 

with a pattern correlation value of 0.77. The area with negative percentage is spreading west to 

east over the northern SMO, with positive percentage area to the north and the south. Similar to 

the weakly forced day, the covariance-based EOF analysis for the 27 July case shows that the 

WRF-GFS-equivalent initial PWV in the coastal sites affects the PWV in the domain in the later 

forecast hours more than the initial PWV in the mountainous sites. Therefore, the dominant mode 

of sensitivity separates the mean sensitivity of the mountainous sites from the coastal sites. 

The sensitivity analyses for the precipitation produces contrary results when compared to the 

PWV. The change of precipitation across the domain in the later forecast hours during the weakly 

forced day is more sensitive to the change of initial PWV in the mountainous sites than that in the 

coastal sites, for both strongly and weakly forced days (Figure 11). 

The impact of the initial PWV change in the mountainous sites versus the coastal sites to the 

precipitation across the domain during the weakly forced day is shown around the peak of 

precipitation, at 0000 UTC and 0300 UTC (Figures 11a, b, e, f). Over the western slopes of 

SMO, a millimeter change of initial PWV in the mountainous sites generates a 0.1 mm or more 

increase of precipitation around USMX, MZTN, ITS1, YESX, TNCU, and over the SMO in 

general (Figures 11e, f). The change in initial PWV in the coastal sites (Figures 11a, b), on the 
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other hand, does not generate as great an increase as the mountainous sites. Similarly, on the 

strongly forced day, the change in precipitation across the domain is more sensitive to the change 

in initial PWV in the mountainous sites (Figures 11g, h) than in the coastal sites (Figures 11c, d). 

The sensitivity difference is clear over the northern slopes of SMO. 

The mean of absolute values across the domain on each panel quantitatively indicates the 

distinct influence of the model-equivalent initial PWV of each class on the change of 

precipitation across the domain. The mean sensitivity for the mountainous sites is higher than 

that for the coastal sites. This is true for both weakly and strongly forced days. These quantitative 

values confirm that the WRF-GFS-equivalent initial PWV in the mountainous sites induces a 

greater influence on the change of precipitation across the domain in the later forecast hours than 

it does in the coastal sites. In a larger context, this fact also means that the convective 

organization and propagation across the domain is more sensitive to the initial PWV over the 

mountainous areas than the coastal areas. 

The sensitivity analyses of QCONV (Figure 12) are consistent with those of precipitation. 

The QCONV across the domain is sensitive to the change in the initial PWV in the mountainous 

sites more than in the coastal sites during the weakly and strongly forced days. The difference is 

particularly visible from 0000 UTC and 0300 UTC, where the increase of QCONV is situated 

around KINO, TNHM, MZTN, YESX, and ITS1, on the western slopes of SMO. 

On the weakly forced day, a millimeter change of initial PWV in the mountainous sites 

creates an increase of QCONV as much as 0.02 kg kg−1 s−1 (Figures 12e, f). In the mean 

QCONV sensitivity across the coastal sites (Figures 12a, b), the increase signature of QCONV is 

hardly apparent. However, the mean of the absolute values across the domain reveals that the 

change of WRF-GFS-equivalent initial PWV over the mountainous sites affects the change of 
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QCONV across the domain more it does over the coastal sites. During the peak of the monsoon 

precipitation around 0000 UTC, the mean of absolute values of the QCONV sensitivity, relative 

to the WRF-GFS-equivalent initial PWV over mountainous sites, is 9.2 × 10−4 kg kg−1 mm−1 s−1, 

whereas the mean of absolute values of sensitivity relative to the WRF-GFS-equivalent initial 

PWV over the coastal site is only 6.8 × 10−4 kg kg−1 mm−1 s−1. 

As seen from this pattern, there is minimal difference in QCONV sensitivity between the 

mountainous (Figures 12g, h) and coastal sites (Figures 12c, d) during the strongly forced day. 

The mean of absolute values across the domain at 0000 UTC, for example, is 1.5 × 10−3 kg kg−1 

mm−1 s−1 for the sensitivity, relative to the change in WRF-GFS-equivalent initial PWV in the 

mountainous sites, and 9.2 × 10−4 kg kg−1 mm−1 s−1 for the sensitivity relative to the change in 

WRF-GFS-equivalent initial PWV in the coastal sites. Similar to the weakly forced day, the 

change in QCONV across the domain during the strongly forced day is more sensitive to the 

change in WRF-GFS-equivalent initial PWV in the mountainous sites than in the coastal sites. 

Therefore, mountainous regions matter in terms of convective initiation and precipitation. 

There are two questions to answer: (1) Why does changing initial PWV in the coastal sites 

generate changes in PWV across the domain more than changes in the mountainous sites? (2) 

Why does changing initial PWV in the mountainous sites produce more changes in precipitation 

and QCONV across the domain than changes in the coastal sites? To answer the first question, 

we hypothesize that there is positive correlation between the initial PWV in the coastal sites and 

PWV across the domain, since the GoC is the moisture source of the domain. Therefore, the 

WRF-GFS model confirms what has been found by Adams and Comrie (1997) that the moisture 

during NAMS partly comes from the GoC, and, thus, an increase in PWV in the coastal site will 

result in an increase of PWV across the domain in the later forecast hours. 
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For the second question, the answer is that mountainous topography naturally induces 

convective initiation. Daily solar heating on its surface develops thermal differences between the 

mountain and the surrounding atmosphere, and upslope winds during daytime help water vapor 

to rise and condense. Both mechanisms create instability and assist convective initiation over 

mountainous regions. Thus, an increase in PWV in the mountainous sites does increase the 

precipitation and QCONV on the western slopes of SMO and the northern part of SMO, as 

shown in the Figures 11 and 12. Moreover, since the convective system propagates westward, 

the change in initial PWV in the mountainous sites also affects the change in precipitation and 

QCONV in the coastal areas at the later forecast hours. Similar results appear in other modeling 

studies, showing that an increase in precipitation in mountainous regions, such as Kilimanjaro 

and the Andes mountain ranges in Chile, is closely related to a change in the ambient condition 

and variables such as the geometry of the location, with respect to wind flows, as well as an 

increase in water vapor and temperature (Falvey and Garreaud 2007; Kunz and Kottmeier 2006; 

Watson and Lane 2012; Mölg et al. 2009). 

 

5. CONCLUSIONS 
 

The WRF-ARW simulations for daily monsoon precipitation events during the GPS 

Hydromet 2017 field campaign are performed with lateral boundary forcing and initial 

conditions from the GFS and NAM models. We classify the monsoon precipitation events into 

two: (1) strongly forced days in which an IV is present near or within the monsoon core region, 

and (2) weakly forced days when IV is absent. GPM Final precipitation product is used as the 

ground reference. 
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Compared to the GPS-derived PWV, the WRF-GFS and WRF-NAM PWV exhibits wet 

biases at the initial forecast hour. While the WRF-GFS PWV is still within the standard error of 

the observation, the WRF-NAM PWV exceeds the standard error most of the time. The diurnal 

cycle of both WRF-GFS and WRF-NAM is out of phase with time, compared to that of the GPS-

derived PWV. The phase problem is due to the rapid decrease and increase after 6 h into the 

forecast. The model PWV diurnal cycles also correspond to the model precipitation diurnal 

cycles. The high WRF-NAM PWV values in the early forecast hours are associated with the early 

precipitation in WRF-NAM, and the rapid decrease in model PWV is related to the early 

termination of model precipitation in both WRF-GFS and WRF-NAM. 

Both model simulations have timing issues and discrepancy in accumulated precipitation 

diurnal cycles, as compared to the observed precipitation in the GPM Final precipitation estimate 

and rain gauge measurement. The WRF-NAM simulations initiate precipitation as early as the 

initial forecast hour. The PWV positive biases at the initial condition are likely the cause of the 

early precipitation in the WRF-NAM simulations. The WRF-GFS precipitation diurnal cycle is 

closer to that of the rain gauge than to that of the GPM Final precipitation estimate. Yet, both 

models terminate precipitation too early (in the 0300–0600 UTC period), while the GPM Final 

precipitation and rain gauge measurements still show ongoing precipitation. Thus, model 

precipitation exhibits dry bias starting in the 0000–0300 UTC period, regardless of its boundary 

forcing. Lastly, both WRF-GFS and WRF-NAM underestimate the westward propagation of 

MCSs at the end of the daily convective cycle. However, we need to take into account the 

uncertainty of the GPM Final precipitation estimate, since it underestimates the precipitation 

relative to the rain gauge measurement. 
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Model accuracy in forecasting precipitations is evaluated using CSI, POD, and FAR metrics. 

The difference of the CSI, POD, and FAR scores between the strongly forced day and weakly 

forced day simulations are computed. Both models exhibit higher precipitation forecast skill 

during the strongly forced days, especially over the high terrain and the western slopes of SMO, 

as well as the coastal area on the eastern seaboard of the GoC. Yet both models are more 

challenged to forecast MCS development and propagation during weakly forced days. 

The WRF-GFS PWV across the domain during the weakly forced day of 9 August is more 

sensitive to the change in initial PWV in the coastal sites than that in the mountainous sites. 

During the strongly forced day of 27 July, even though the difference in sensitivity between the 

coastal and mountainous sites is minimal, the WRF-GFS PWV across the domain is more 

sensitive to the change in initial PWV in the coastal sites. In contrast, the WRF-GFS precipitation 

and QCONV across the domain during weakly and strongly forced days are more sensitive to the 

change in initial PWV in the mountainous sites than the coastal sites. The reason for precipitation 

more sensitive to the PWV in the mountain areas is that the mountain topography helps the 

thermodynamics and the dynamics of convective initiation. 

Data assimilation will be the next step of this study. Besides improving the initialization of 

the physical state variables, such as PWV, putting more weight on the GPS sites in the 

mountainous areas in the data assimilation may improve the monsoon precipitation forecast in 

the region during weakly forced days. Future research may be directed toward resolving the time 

lags in the WRF PWV diurnal cycle and the WRF precipitation initiation and termination. 
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TABLES 
 

Table 1. List of observation sites during GPS Hydromet 2017 field campaign. The list includes station names, latitudes, 

longitudes, elevations, managing institutions, and observed data available. The managing institutions include Comisión Nacional 

del Agua (CONAGUA) and Trans-boundary Land and Atmosphere Long-term Observational and Collaborative Network 

(TLALOCNet). 

Station Lat (N) Lon (W) Elev (m msl) Institution PWV Precipitation 
ALMS 27.0217 108.9378 407.00 CONAGUA no yes 
AZPE 30.3369 110.1663 838.00 temporary yes yes 
CBRC 30.7719 112.4353 201.00 CONAGUA no yes 
ELPN 31.6800 113.3047 131.00 CONAGUA no yes 
HRMS 29.0133 111.1369 150.00 CONAGUA no yes 
ITS1 27.4845 110.0000 31.00 temporary yes yes 

KINO 28.8149 111.9287 0.00 temporary yes yes 
MGDA 30.6321 110.9676 755.00 temporary yes yes 
MGRT 29.8762 110.5964 625.00 temporary no yes 
MRSC 30.0404 110.6737 721.00 temporary no yes 
MZTN 29.0030 110.1300 544.00 temporary yes yes 
NGLS 31.2978 110.9139 1291.00 CONAGUA no yes 
OPDE 29.9444 110.6121 690.00 temporary yes no 
RAYN 29.7410 110.5366 635.00 temporary yes no 
REF1 31.5112 107.7173 1227.00 temporary yes no 
SA80 31.2934 110.9465 1274.00 temporary yes yes 
SLRC 32.4239 114.7978 37.00 CONAGUA no yes 
TNBA 28.9719 113.5473 5.00 TLALOCNet yes yes 
TNCU 28.4506 106.7940 2111.00 TLALOCNet yes yes 
TNHM 29.0813 110.9703 202.00 TLALOCNet yes yes 
TNPP 31.3355 113.6316 39.00 TLALOCNet yes yes 
TNTB 25.6059 109.0527 78.00 TLALOCNet yes yes 
TSFX 30.9339 114.8106 28.00 TLALOCNet yes no 

USMX 29.8217 109.6810 656.00 TLALOCNet yes yes 
WLNT 31.7057 110.0575 1411.00 temporary yes yes 
YCRA 28.3667 108.9333 1551.00 CONAGUA no yes 
YESX 28.3783 108.9196 1537.00 TLALOCNet yes yes 

 
Table 2. List of satellite-based precipitation products used in the study. 

Product Source 
Spatial 

Resolution 
Temporal 

Resolution 
References 

GPM Early NASA 0.1° Half-hourly Huffman (2017)  
Hou et al. (2014) 

GPM Final NASA 0.1° Half-hourly Huffman (2017)  
Hou et al. (2014) 

CMORPH NOAA 8 km Half-hourly Joyce et al. (2004) 
PERSIANN UCI 0.25° 1 hourly Sorooshian et al. (2002) 
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Table 3. Other satellite and model products used for classifying monsoon days. 

Dataset Sources Purpose 
Surface Meteorological 

data http://mesowest.utah.edu To identify the rainfall  

GOES-15 Water Vapor 
NASA Langley Cloud and Radiation 

Research Group (http://www-
angler.larc.nasa.gov) 

To identify upper-level 
atmospheric dynamics and 
inverted troughs (IVs) with 

convective development 

GFS Analysis (0.5°/6-
hourly, 31 vertical levels) NCDC https://www.ncdc.noaa.gov/ 

To identify the wind 
patterns at 300 hPa and the 
PV anomaly at 2-PVU layer 

CONUS GOES 4-km water 
vapor imagery 

https://mesonet.agron.iastate.edu/GIS/goes.p
html 

To identify IVs with 
convective development 

Surface analysis and 
GOES-West IR imagery 

https://www.wpc.ncep.noaa.gov/#page=ovw To identify early convective 
organization 

 
 

Table 4. Horizontal resolution of the nested domains in our WRF-ARW experiments with different initial conditions and 

lateral boundary conditions. In the 2.5 km convective-permitting domain, we turn off cumulus parameterization. In the larger 

domains, we use Kain-Fritsch cumulus parameterization.   

WRF-ARW experiments d01 d02 d03 
WRF-GFS 30 km 10 km 2.5 km* 

WRF-NAM 10 km 2.5 km*  

* no Kain-Fritsch cumulus parameterization 

 
Table 5. List of the physics schemes used in the WRF-ARW configuration and applied to all domains. 

Category Scheme Reference 
Microphysics WRF single-moment 6-class Hong and Lim (2006) 

Longwave radiation Rapid Radiative Transfer Model Iacono et al. (2008) 
Shortwave radiation Goddard Chou and Suarez (1999) 

Land Surface Noah-MP (multi physics) Niu et al. (2011) 
Planetary boundary layer Yonsei University Hong et al. (2006) 

 
Table 6. List of days during GPS Hydromet 2017 field campaign. Based on synoptic and mesoscale features, the days are 

classified into strongly and weakly forced days, as well as days with light convection, tropical cyclone, and monsoon break. 

There are nine strongly forced days, 39 weakly forced days, nine days with light convections, 16 days of monsoon break, and 2 

days of precipitation associated with the TC Lidia. 

Weakly Forced Days Strongly Forced Days Light Convection Break TC 
1 Jul to 5 Jul 7 Jul to 9 Jul 30 Jun 17 Jul 1 Sep 
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10 Jul to 12 Jul 13 Jul 6 Jul 21 Jul 2 Sep 
15 Jul 14 Jul 15 Aug 30 Jul  
16 Jul 18 Jul 20 Aug 5 Aug  
19 Jul 27 Jul 21 Aug 6 Aug  
20 Jul 28 Jul 24 Aug 13 Aug  

22 Jul to 26 Jul 18 Aug 10 Sep to 12 Sep 14 Aug  
29 Jul   17 Aug  
31 Jul   28 Aug to 31 Aug  

1 Aug to 4 Aug   5 Sep  
7 Aug to 12 Aug   6 Sep  

16 Aug   8 Sep  
19 Aug   9 Sep  
22 Aug     
23 Aug     

25 Aug to 27 Aug     
3 Sep     
4 Sep     
7 Sep     
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FIGURES 
 

 
Figure 1. The Advanced Research version of the Weather Research Forecasting (WRF-ARW) nested domain configuration 

(a). The inner domain with plotted site locations (b). There are 12 temporary observation sites (circles), 8 observation sites of 

Trans-boundary, Land and Atmosphere Long-term Observational and Collaborative Network (TLALOCNet) (squares), and 7 

observation sites of Comisión Nacional del Agua (CONAGUA) (triangles). Terrain elevation is shaded from 0 m to about 3000 m 

above mean sea level. The monsoon core region (24°–30° N and 112°–106° W) set up by NAME 2004 is outlined in black dash 

lines. Elevation cutoff at 500 m is outlined in a blue dashed line, separating the mountainous sites (>500 m) from the coastal sites 

(<=500 m). 
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Figure 2. Root mean square error (RMSE) and bias between the daily rain gauge measurements at the observation sites and 

the satellite-based daily precipitation measurement from 30 June to 12 September. Bias is calculated as satellite measurement 

minus rain gauge measurement. The value at the bottom left of panel a, b, c, d is the mean RMSE, and the value at the bottom left 

of panel e, f, g, h is the mean bias. Global precipitation measurement (GPM) Final has the lowest RMSE value; GPM Early has 

the lowest bias. Terrain is contoured every 500 m (black lines). 
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Figure 3. Mean diurnal cycle of WRF-GFS PWV and GPS-derived PWV (or observations) across 14 stations for combined 

strongly—weakly forced days (a), weakly forced days (b), and strongly forced days (c). Mean diurnal cycle of precipitation 

across 14 stations, based on WRF-GFS simulations, rain gauge measurement, and GPM Final product for combined strongly–

weakly forced days (d), weakly forced days (e), and strongly forced days (f). Shaded areas in grey represent standard errors of the 

observations. 

 

 
Figure 4. Mean diurnal cycle of WRF-NAM PWV and GPS-derived PWV (or observations) across 14 stations for combined 

strongly-weakly forced days (a), weakly forced days (b), and strongly forced days (c). Mean diurnal cycle of precipitation across 
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14 stations, based on WRF-NAM simulations, rain gauge measurement, and GPM Final product for combined strongly–weakly 

forced days (d), weakly forced days (e), and strongly forced days (f). Shaded areas in grey represent standard errors of the 

observations. 

 

 
Figure 5. Mean hourly precipitation rate of WRF-GFS simulations (a), GPM Final precipitation products (b), and model 

bias (c) defined as WRF-GFS minus GPM Final, for combined strongly and weakly forced days within 3-hourly intervals 

(column 1–8) and 24-hourly intervals (column 9), are displayed. Yellow circles are observation sites of GPS Hydromet 2017. 

Mean values of precipitation rate across grid points (a and b) and biases (c) are given in the left corner of each panel. Red (blue) 

indicates dry (wet) model bias. 
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Figure 6. As in Figure 5, but for WRF-NAM simulations. Note that the WRF-NAM simulations exhibit wet bias in the early 

forecast hour compared to the WRF-GFS simulations. 
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Figure 7. These are the CSI (a, d, g, j), POD (b, e, h, k), and FAR (c, f, i, l) metric differences between strongly and weakly 

forced days for the WRF-GFS simulations for the 1800–0000 UTC (a, b, c), 0000–0600 UTC (d, e, f), 0600–1200 UTC (g, h, i) 

and 1200–1200 UTC (j, k, l). Each metric involves a comparison between each grid point value in GPM Final and the WRF-GFS 

simulations. Blue (red) indicates the increased forecast skills for strongly (weakly) forced days. The statistical field significance 

score, displayed in the bottom left of each map, is computed using 1000 permutations in Monte Carlo resampling technique. The 

pattern correlation value between the 6-hourly (column a-i) and daily (j, k, l) is shown in the bottom right of each 6-hourly panel. 

 



 

 

88 

 

 
Figure 8. As in Figure 7 but it is for WRF-NAM simulations. 
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Figure 9. Images from GOES 15 WV are displayed on panels a and b. The extent of the cloud top exceeds 100 km, and 

regions with temperatures less than 210 K indicate the highest points of the cloud top in the atmosphere. The pressure at 2-PVU 

(dynamic tropopause) and winds at 300 hPa layers taken from GFS Analysis valid at 1200 UTC are displayed on panels c and d. 

The box indicates the monsoon core region set up by NAME 2004. Note that on the strongly forced day, the IV is characterized 

by the cyclonic turning of the winds and the PV anomaly at 240 to 260 hPa region inside the box. 

 

1200 UTC Aug 091200 UTC Jul 27 1200 UTC Aug 091200 UTC Jul 27

(a) (b)

(c) (d)
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Figure 10. This figure displays the mean hourly sensitivity of WRF-GFS PWV across the domain, relative to the WRF-

GFS-equivalent initial PWV in the mountain sites (b, e) and coastal sites (c, f) at forecast hour (fh) 13 for the 9 August (b, c) and 

27 July (e, f) cases. Only statistically significant correlations (p < 0.05) are displayed. Regression maps of the EOF analysis are 

displayed for the fh 13 (a, d). Pattern correlation value between the mean hourly sensitivity and its respective EOF regression 

map is displayed on the lower left of the panels (b, c, e, f). Note that the PWV in the domain is more sensitive to the change in 

initial PWV in the coastal sites than that in the mountainous site. The pattern of the coastal areas resembles the regression map 

for each case, as shown by the pattern correlation values. 
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Figure 11. This figure shows the mean hourly sensitivity of WRF-GFS precipitation across the domain, relative to the 

WRF-GFS-equivalent initial PWV in the coastal and mountainous sites, at 0000 UTC and 0300 UTC for both weakly (a, b, e, f) 

and strongly (c, d, g, h) forced days. Only statistically significant correlations (p < 0.05) are displayed. The mean of the absolute 

values across the domain is shown on the lower left of each panel. The mountainous sites exhibit higher values than the coastal 

sites on both weakly and strongly forced days. 
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Figure 12. This figure displays the mean hourly sensitivity of WRF-GFS QCONV across the domain, relative to the WRF-

GFS-equivalent initial PWV in the coastal and mountainous sites, at 0000 UTC and 0300 UTC for both weakly (a, b, e, f) and 

strongly (c, d, g, h) forced days. Smoothing is applied by scaling up the grid spacing from 2.5 km to 1/16°. Only statistically 

significant correlations (p < 0.05) are displayed. The mean of absolute value across the domain is displayed on the lower left on 

each panel. The mountainous sites exhibit higher values than the coastal sites on both weakly and strongly forced days. 
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ABSTRACT 
 

We assess the impact of GPS precipitable water vapor (GPS-PWV) data assimilation (DA) 

on short-range North American monsoon (NAM) precipitation forecasts, across 38 days with 

weak synoptic forcing, during the NAM GPS Hydrometeorological Network field campaign in 

2017 over northwest Mexico. Utilizing an ensemble-based data assimilation technique, the GPS-

PWV data retrieved from 18 observation sites are assimilated every hour for 12 hours into a 30-

member ensemble convective-permitting (2.5 km) Advanced Research version of the Weather 

Research and Forecasting (WRF-ARW) model. As the assimilation of the GPS-PWV improves 

the initial condition of WRF by reducing the root mean square error and bias of PWV across 

1200-1800 UTC, this also leads to an improvement in capturing nocturnal convection of 

mesoscale convective systems (MCSs; after 0300 UTC) and to an increase by 0.1 mm h-1 in 

subsequent precipitation during the 0300-0600 UTC period relative to no assimilation of the 

GPS-PWV (NODA) over the area with relatively more observation sites. This response is 

consistent with observed precipitation from the Integrated Multi-satellitE Retrievals for Global 

Precipitation Measurement Final Precipitation product. Moreover, compared to the NODA, we 

find that the GPS-PWV DA decreases cloud top temperature, increases most unstable convective 

available energy and surface dewpoint temperature, and thus creates a more favorable condition 

for convective organization in the region. 

 
 
1. INTRODUCTION 
 

The North American monsoon (NAM), which occurs from late June to mid-September, 

substantially impacts the hydrometeorology of northwest Mexico and the southwest United 

States and is vitally important for human and natural systems in the region (Castro et al. 2001; 
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Ray et al. 2007; Vivoni et al. 2007). Severe weather during the NAM season creates unique 

natural hazards, including microbursts (Willingham et al. 2011), dust storms (Raman et al. 2014), 

flash floods, and landslides (Ray et al. 2007; Feng et al. 2013).  There is a need for more 

accurate, ensemble based short-term forecasts of these events, especially in northwest Mexico 

due to the present lack of high-resolution (kilometer-scale) numerical weather prediction 

capability and less reliable radiosonde data, as compared to the United States.  Our interest in 

this work is how convective-permitting numerical weather prediction (NWP) forecasts of 

extreme monsoon precipitation events may be improved by assimilation of new and economical 

sources of in-situ meteorological data. 

The principal forecasting concern for monsoon severe weather is mesoscale convective 

systems (MCSs).  Previous studies (e.g. Maddox 1980; Adams and Comrie 1997; Nesbitt et al. 

2008; Serra et al. 2016; Lahmers et al. 2016; Moker et al. 2018) have revealed some of the 

salient characteristics of NAM MCSs.  Their development is intimately linked to the diurnal 

cycle of convection over complex topography.  Convection typically initiates at around 2100 

UTC (1400 LT) over the highest terrain and then peaks between 0000-0300 UTC (1700-2000 

LT) in conjunction with thunderstorm organization and propagation off the terrain. Convective 

initiation (CI) during the NAM requires thermodynamic instability, which is a function of diurnal 

surface heating and atmospheric moisture.  Operational forecasters in the southwestern United 

States typically quantify the amount of atmospheric moisture using precipitable water vapor 

(PWV), with greater than 1 inch of PWV being the nominal threshold for severe thunderstorms 

(National Weather Service, Tucson Office; Mazon et al. 2016).  For purposes of this work, PWV 

is defined as the total mass of water vapor in a given vertical column of the atmosphere per unit 

cross-sectional area.       
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On the synoptic scale, NAM precipitation is related to the shift of the mid-tropospheric flow 

(500 hPa) from westerly to easterly and southeasterly over northwest Mexico, as an upper-level 

anticyclone, or monsoon high, propagates northward (Douglas et al. 1993). Inverted troughs 

(hereafter IVs) often appear propagating from east to west on the southern flank of the monsoon 

high, and these features are the principal driver of episodic periods of heaviest monsoon 

precipitation through the season, or ‘monsoon bursts’ (Pytlak et al. 2005; Bieda et al. 2009; 

Lahmers et al. 2016). As a mid- to upper-tropospheric low associated with a potential vorticity 

(PV) anomaly at the dynamic tropopause, the IV induces a mid-level cyclonic circulation that 

dynamically facilitates MCS organization by creating a favorable vertical wind shear profile 

and/or inducing synoptic-scale upward vertical motion (Finch and Johnson 2010; Newman and 

Johnson 2012). Monsoon precipitation doubles during days with an IV present compared to days 

absent IVs, especially in areas west of the crest of the major mountain ranges, the Sierra Madre 

Occidental (SMO) and the Mogollon Rim in Arizona (Bieda et al. 2009; Lahmers et al. 2016).  In 

these more lowland areas, NAM precipitation is less frequent, tends to occur in the late afternoon 

to evening hours, and is more prominently due to MCSs (Douglas and Englehart 2007; Nesbitt et 

al. 2008; Bieda et al. 2009; Johnson et al. 2010).   

IVs are a clear driving synoptic feature for MCS development, a fact well known to 

operational forecasters in the southwest United States. However, MCSs can also develop in a 

favorable thermodynamic environment even in the absence of an IV (e.g., Moker et al. 2018, 

Risanto et al. 2019). Our earlier work (Moker et al. 2018; Risanto et al. 2019) referred to NAM 

MCS events that occur with and without the presence of an IV as ‘strongly forced’ and ‘weakly 

forced.’  Considering retrospective convective-permitting NWP forecasts with the Advanced 

Research version of the Weather Research and Forecasting (WRF-ARW) model during the 2013 
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and 2017 monsoons in northwest Mexico, we showed weakly forced NAM MCS events are more 

challenging to forecast. During the weakly forced days, the model simulations tended to 

preferentially initiate and terminate precipitation too early and underestimate the westward 

propagation of organized convection.  Its precipitation forecasts also appeared to be adversely 

impacted by the initial specification and subsequent evolution of PWV, exhibiting a positive bias 

(model – observation) and incorrect phasing of the diurnal cycle as compared to observations.   

This study examines the impact of assimilating Global Positioning System (GPS) -PWV in 

retrospective NAM MCS forecasts, specifically during weakly forced days, with the goal of 

improving the forecast skill of WRF/ARW NAM MCS forecasts. We assimilate ground-based 

observations of PWV, derived from a network of GPS sensors over northwest Mexico, into the 

WRF-ARW model using an ensemble-based data assimilation (DA) scheme. Assimilation of 

GPS-PWV is considered for the following reasons: (1) in-situ meteorological data over 

northwestern Mexico are scarce in space and time, mainly due to complex topography (Adams et 

al. 2014); (2) new, and permanent GPS sensors have been recently added as part of the Trans-

boundary, Land and Atmosphere Long-term Observational and Collaborative Network 

(TLALOCNet; Cabral-Cano et al. 2018); (3) GPS-PWV is available in all-weather conditions 

with high temporal resolution (i.e. every five minutes).  

Some studies have shown a positive impact of assimilating PWV into NWP models in a 

coarse spatial resolution setting and within the Continental United States (CONUS). For 

example, Guo et al. (2000) have shown that a 20-km MM5-4DVar system (Zou et al. 1995) was 

able to capture the small-scale precipitation features over the correct location with hourly rainfall 

bias of 0.1 mm by assimilating GPS-PWV. Marcus et al. (2007) have also shown that 

assimilating GPS-PWV into a 9-km Mesoscale Atmospheric Simulation model covering 
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southern California increased the average 3-h quantitative precipitation forecast by more than 5 

mm in several underpredicted winter storm events. By 2015, GPS-PWV from approximately 600 

sites spread within the western United States alone was routinely assimilated into National 

Centers for Environmental Prediction models (NCEP; Moore et al. 2015). Besides precipitation, 

Benjamin et al. (2010) showed that assimilating GPS-PWV into the NCEP Rapid Update Cycle 

(RUC) model significantly reduced the relative humidity (RH) error by 0.6 to 0.9% in the short-

range (3-12 hours) forecasts from 1000 hPa to 400 hPa during winter over the CONUS.  

In Asia, PWV assimilation using a local ensemble transform Kalman filter (LETKF; Hunt et 

al. 2007) in Japan Meteorological Agency (JMA) prediction systems has also improved the 

short-range forecasts. Seko et al. (2011), in particular, investigated a single intense rainfall event 

in July 2008 and found that the probability of 1-h rainfall amount greater than 1 mm and 5 mm 

were 70% and 20% respectively when PWV data from among the densest (25 km apart) GPS 

network in the world (Shoji et al. 2004), was assimilated into JMA’s Non-hydrostatic Model 

(NHM-LETKF). Oigawa et al. (2018) also demonstrated an improvement in forecasting a heavy 

rainfall event in August 2012 in Kyoto by assimilating PWV from an even more dense network 

(1.7 km apart) into NHM-LETKF.  Most recently, Yang et al. (2020) reported a data assimilation 

case study of a single heavy rainfall event in Taiwan using GPS data from 66 GNSS ground-

based stations (~15 km apart) across Taiwan. The impact on the forecasts remains more than 6 

hours. 

The main goal of this study is to assess the impact of constraining atmospheric moisture on 

the timing and location of NAM MCS precipitation during the weakly forced days. We 

assimilate a relatively sparse network of GPS-PWV observations (326 km apart) into the WRF-

ARW model at convective-permitting resolution using the Data Assimilation Research Testbed 
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(DART, Anderson et al. 2009a) software. We configure the WRF/DART system for GPS-PWV 

assimilation in a manner that should be operationally feasible for northwestern Mexico and other 

areas of the world that have limited in-situ meteorological data. Note the large difference in the 

number of GPS sites used in GPS-derived PWV data assimilation studies in Japan and Taiwan. 

Unlike previous DA studies investigating only (1) single event, we provide an assessment for 38 

weakly forced days across the 2017 NAM period coinciding with a hydrometeorological field 

campaign conducted over northwest Mexico. This paper is structured as follows: First, we 

describe the datasets that are used for assimilation and verification in Section 2. We then 

describe our configuration of the WRF/DART system and our choice of verification methods in 

Section 3 and Section 4, respectively. Results of this work are presented in Section 5 and 

discussed in Section 6. Finally, we summarize our findings in Section 7. 

 

2. DATA DESCRIPTION 
 

GPS-PWV data are taken from a GPS network deployed during the 2017 NAM GPS 

hydrometeorological field campaign that took place in northwest Mexico from late June to mid-

September 2017 (hereafter GPS Hydromet 2017; Risanto et al. 2019). The goal of the field 

campaign was to capture intimately linked physical processes that determine the hydrological 

cycle and its variability in northwest Mexico. A total of 12 temporary observation sites were 

installed and managed during the field campaign, along with 8 permanent sites that were added 

by the TLALOCNet (Cabral-Cano et al. 2018). Eighteen out of twenty sites were equipped with 

GPS meteorological sensors/receivers. The elevation of all 20 observation sites varies from sea 

level to over 2000 m above mean sea level (msl) and their locations spread out in four Mexican 

states: Sonora, Sinaloa, Chihuahua, and Baja California. Other surface meteorological data were 
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also collected with one-minute temporal resolution during the campaign. These include 

atmospheric pressure, surface temperature, relative humidity, wind speed and direction, and 

precipitation. The average distance between the sites is 326 km, which is still very sparse 

compared to other networks. The location of each observation site is shown in Figure 1b. Details 

of the observation site information can be found in Risanto et al. (2019). 

GPS-PWV retrieval at a 5-minute interval is via the ground-based Global Navigation and 

Satellite Systems (GNSS)-inferred Positioning System and Orbit Analysis Simulation Software 

(GIPSY; https://gipsy-oasis.jpl.nasa.gov/), developed by the Jet Propulsion Laboratory. PWV 

can be retrieved from ground-based GPS measurements as a function of surface pressure, surface 

temperature, and zenith total delay (ZTD), which is the delay of the signal travelling from the 

satellite to the GPS receiver due to the mass of the troposphere and its moisture content (Bevis et 

al. 1992; Moore et al. 2015; Rocken et al. 1993; Fernandes et al. 2006; Adams et al. 2011). 

Adams et al. (2011) estimate the observation error ranging from 0.5 to 1.0 mm, based on the data 

from stable and itinerant GPS receivers. Studies in the recent past (e.g. Yang et al. 2020) 

suggested assimilating ZTD data reduces the analysis error introduced by the ZTD-to-PWV 

conversion due to pressure and temperature assumptions. This is especially the case where GPS 

receivers do not have collocated meteorological surface stations to provide pressure and 

temperature observations for PWV retrievals. In Yang et al. (2020), in particular, only 30 out of 

66 stations have collocated meteorological data. In this study, our PWV retrievals are based on 

GPS stations with collocated surface meteorological observations. However, we plan in the 

future to develop and assess a ZTD observation operator in DART, recognizing that potential 

expansion of this network could include GPS sites with no meteorological observations where 

DA would benefit from directly assimilating ZTD rather than the less-accurate PWV retrievals.  
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The 38 weakly forced days are listed in Table 1. The identification is based on the absence of 

IVs and pressure anomalies at the 2-potential vorticity unit (PVU) surface inside the monsoon 

core region (24 – 30° N and 106 – 112° W; Finch and Johnson 2010) as detected by the 

Geostationary Operational Environmental Satellite water vapor infrared channel and the 300 

hPa-wind and geopotential height of the GFS Analysis, respectively. Detailed discussion can be 

found in Moker et al. (2018) and Risanto et al. (2019).   

For model precipitation verification, the Integrated Multi-satellitE Retrievals for Global 

Precipitation Measurement Final Precipitation V6 (hereafter GPMF) is used. Relative to the rain 

gauge measurements from the GPS Hydromet 2017 and seven additional rain gauges from 

Comisión Nacional del Agua (CONAGUA; personal communication) meteorological stations, 

the GPMF showed the lowest daily precipitation RMSE (Table 2) when compared to other 

satellite-derived precipitation estimates (i.e. the National Oceanic and Atmospheric 

Administration Climate Prediction Center morphing technique (CMORPH), the Precipitation 

Estimation from Remotely Sensed Information using Artificial Neural Networks (PERSIANN), 

and the Integrated Multi-satellitE Retrievals for Global Precipitation Measurement Early 

Precipitation V5). The RMSEs and biases are calculated based on the precipitation measurement 

from 30 June to 12 September 2017. Detailed discussion can be found in Risanto et al. (2019). 

 
 
3. SYSTEM CONFIGURATION 
 
3.1.  WEATHER RESEARCH FORECASTING (WRF) MODEL 
 
Our study uses the WRF-ARW (Skamarock et al. 2008; Powers et al. 2017) model version 3.9. 

The model configuration is based on the real time quasi-operational forecast system at the 

University of Arizona Department of Hydrology and Atmospheric Sciences 
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(http://www.atmo.arizona.edu/?section=weather&id=wrf). Following Moker et al. (2018) and 

Risanto et al. (2019), the model setup for this study consists of three nested domains (d01, d02, 

d03) with 30-km, 10-km, and 2.5-km grid spacing, respectively (Figure 1a) and a hybrid vertical 

sigma coordinate with 27 levels. Because of its convective-permitting (CP) spatial resolution, the 

inner domain (d03) is able to resolve convective development on the meso-γ scale. The model 

uses the NCEP Global Forecast System (GFS) with spatial resolution of 0.5° for lateral boundary 

conditions (LBCs). The complete list of the physics schemes used in the WRF model 

configuration is provided in Table 3. 

 
3.2.  DATA ASSIMILATION RESEARCH TESTBED (DART) 
 

For DA, our study uses the ensemble adjustment Kalman filter algorithm (EAKF; Anderson 

2001) implemented within the Data Assimilation Research Testbed (DART; Anderson et al. 

2009a). DART is an open source community facility for ensemble data assimilation, developed 

and maintained at the National Center for Atmospheric Research. The code is available at 

https://dart.ucar.edu. DART has been coupled with various regional to global Earth system 

models, including WRF (Schwartz et al., 2015), Model for Prediction Across Scales (Ha et al., 

2017), the Community Atmosphere Model (Raeder et al., 2012), the Noah land surface model 

(Rosolem et al., 2014), and the Community Land Model (Fox et al., 2018). Studies related to 

mesoscale DA and MCSs using WRF/DART include Sobash and Stensrud (2013), Romine et al. 

(2013), Romine et al. (2014), Schumacher and Clark (2014), and Sobash and Stensrud (2015) 

among others. They are mostly focused however over CONUS especially in the Southern Great 

Plains, where a larger number of meteorological datasets are available for assimilation.  
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Due to the modularity of DART, the addition of new observations and/or an interface to new 

models is possible. Here, the GPS-PWV retrieval for a given location and time of observation is 

calculated in WRF/ DART as follows: 

 
!"#$,& =
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)*,
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(0#1 + 0#134)(61 − 6134)
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where, 6 is the model-equivalent (interpolated from d03) pressure (units of Pa), including surface 

pressure;	0# is specific humidity (units of kg water vapor/kg air), defined as 
>?@ABC

43>?@ABC
. The G 

and HG represent the model level, including the 2-m level, and the total number of model levels, 

respectively. Constants such as )* (water density=1000 kg m-3) and , (acceleration due to 

gravity=9.81 m s-2) are applied to calculate the integral of moisture across the vertical profile 

with units of length. To minimize a potential mismatch in the temporal variability that is 

represented in the modeled and retrieved PWV, as well as potential noise in the data unaccounted 

for in the retrieval, we use PWV super-observations as the data to be assimilated hourly in 

WRF/DART. These super-observations are preprocessed as a 60-minute average of the native 5-

minute PWV retrievals and are incorporated as part of the DART observation sequence. Since 

the average is centered around the central analysis time (i.e. ± 30 minutes), the PWV forward 

operator in equation 1 only uses QV state variables valid at the central analysis time. The 

observation error is specified to be 0.075 cm based on estimates from Adams et al. (2011), while 

taking into account the super-observation operator and its representativeness. This is lower than 

other similar studies where observation errors are set to 1 mm (Kawabata et al. 2007) and 2 mm 

(Seko et al. 2004). Unlike these studies, observational constraints are limited for this study as the 

GPS network is relatively sparse in our domain.  
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Our study also relies on the default adaptive a priori inflation (Anderson, 2009b) and error 

covariance localization (Anderson, 2007) in DART. However, we tune the cutoff radius of the 

Gaspari and Cohn (1999) function (GC) to 0.07 radians and taper the shape along the vertical 

based on the initial assessment by Moker (2019). This cutoff translates to about 446 km in the 

horizontal and 3.5 km in the vertical. Effectively, these distances correspond to the halfwidth of 

GC, where the function is half-way to zero. The function value is set to 1 at the observation site 

and surface, and gradually diminish to 0 at 2 × cutoff. Thus, the GC function effectively puts the 

GPS-PWV data at the surface with decreasing influence along the horizontal and vertical extent. 

Mean profiles of QV show that moisture is mostly localized within the boundary layer (0 to 3 km 

above the surface). These cutoff choices are based on 1) the average observation network density 

(326 km apart), and 2) the estimate of characteristic error length scale of moisture in our current 

configuration of WRF (~358 km). This length scale is based upon an empirical error covariance 

estimation as described in Hollingsworth and Lönnberg (1986) and Järvinen (2001). Here, the 

GC function that is to fit the error correlations is used as a function of distance between stations. 

Figure 2 shows an example of the GC influence centered over OPDE and its convolution across 

the observation sites. Nearly all the water vapor is going to be accounted for below 3.5 km 

(Moker 2019). The analysis for each observation site updates the state variables (Table 4) at all 

grid points within the localization radius regardless of the domain boundary, following the 

approach by Ha and Snyder (2014) in assimilating surface data into WRF using DART. 

Mismatches of model and observation elevations can be corrected in the PWV data (e.g. Yang et 

al. 2020); however, our study has not applied any elevation-based correction due to small 

average elevation difference of 7.3 m (standard deviation of 24.9 m with maximum difference of 

76.9 m) producing less than 1 mm error in GPS-PWV. This is consistent with Seko et al. (2011) 
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where they only assimilated GPS data with altitude difference less than 100 m. Similar to 

Risanto et al. (2019), our study finds significant sensitivities of PWV to QV at the surface and 

nearby grid points, and to precipitation (RAINNC) downwind within 500 km of the observation 

sites. 

 
3.3.  OPTIMIZING WRF/DART CONFIGURATION 
 

Our study conducted 4 sets of Observing System Simulation Experiments (OSSEs) and 5 sets 

of forecast/analysis experiments with real data to determine the most reasonable forecast and 

analysis configuration, so as to be computationally practicable and applicable for a regional 

NWP system, on par with what is used at the University of Arizona.  These configuration 

experiments focused on investigating a severe convective precipitation event that occurred on 9 

August 2017. Unlike a typical NAM event, this event produced an MCS with a size over 700 km 

in diameter, accompanied by large amounts of rainfall that were observed at two observation 

sites of our domain (i.e., MZTN: 44.41 mm, TNHM: 32.41 mm of rainfall) from 0300 to 0600 

UTC. Details about this event can be found in Risanto et al. (2019). Our study conducted OSSEs 

using this event as our best case study to inform us about: a) the reasonable ensemble size for the 

assimilation, b) the optimal number of assimilation cycles prior to the forecast, and c) the 

forecast initialization time that results in the largest PWV impact. In particular, our study 

considered 3 ensemble sizes (20, 30, and 40 members), 3 lengths of hourly assimilation cycles 

(6, 12, and 18 hours), and 2 initialization times (1200 UTC and 1800 UTC).  In performing these 

OSSEs, the station-equivalent synthetic PWV data were extracted for all 18 sites from a 

normally-distributed random sample of PWV with mean values taken from a nature run (NR), 

which was an 18-hour down-scaling simulation of GFS using the aforementioned WRF-ARW 
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configuration initiated at 0600 UTC on 9 August 2017. An error variance of 0.075 cm 

corresponding to the PWV observation error was used.  

A 40-member ensemble was generated by first perturbing the GFS analysis (0000 UTC on 9 

August 2017) downscaled to domain 1 (d01), using the CV3 background error covariance option 

in WRFDA (Barker et al. 2004), which represents the errors of an older NCEP model. The 

variables in WRF initial and LBCs that are being perturbed include stream function, unbalanced 

velocity potential, unbalanced temperature, specific humidity, and unbalanced surface pressure. 

The initial ensemble members were subsequently integrated forward with perturbed LBCs for 6 

hours to dynamically propagate these perturbations to the innermost domain (d03). This serves as 

the spin-up period of our experiments. Our study conducted 4 experiments corresponding to: a) 

20-member, b) 30-member, and c) 40-member hourly assimilation cycle for 6 hours, and d) same 

as b) but using 5-minute synthetic PWV data instead of hourly super-observations. For our 

assessment, the bias of PWV fields in the CP domain was calculated relative to the PWV field in 

the NR. As shown in Figure 3, although the 40-member ensemble exhibits the lowest bias (0.053 

mm), the bias from the 30-member ensemble is relatively similar. The bias from the 20-member 

ensemble, however, is slightly higher. Since Lei and Anderson (2014) and Sobash and Stensrud 

(2015) found that frequent assimilation of surface data improves the CP model forecast skills, 

our study also tested the 30-ensemble using 5-minute PWV data. The results show the average of 

PWV bias is higher for the 5-minute than the 1-hour data (Fig. 3). In addition, the QV profiles 

(not shown) sampled from AZPE, KINO, and YESX from the 30- and 40-member ensemble 

experiments also exhibit low bias relative to NR, compared to other experiments. However, the 

RMSEs during the DA cycle show similarity in all four experiments with values in the last cycle 

around 0.6 mm (not shown). Our earlier tests also revealed numerical instabilities in our model 
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runs which we attributed to assimilating 5-minute data in a one-hour DA cycle. Thus, our study 

chose to run with the 30-member ensemble with 1-hour PWV data for computational 

expediency. 

Figures 4, 5, and 6 present our setup and results for the 5 real data assimilation experiments, 

respectively. These experiments are motivated by the finding of Moker (2019) with regards to 

the short memory of PWV, for which the RMSE tends to increase rapidly within 2 hours into the 

forecast. These experiments all consist of a 6-hour spin-up, PWV assimilation of hourly super-

observation datasets across 18 sites, and an 18- to 24-hour forecast initialized by the ensemble-

mean analysis.  Each experiment (EXP) is initiated with the perturbations using CV3 background 

error covariance and 6-hour spin up prior to the DA cycle initial time. EXP 1 and 2 start at 0600 

UTC with 6-hour and 12-hour DA cycles respectively. EXP 3 starts at 1200 UTC with 6-hour 

DA cycle. EXP 4 and 5 start at 0000 UTC with 12-hour and 18-hour DA cycles respectively. We 

execute a forecast starting from the end of the DA cycle to 1200 UTC on 10 August 2017. Figure 

5 and Table 5 show that the PWV RMSE for EXP 1 and 4 increases to over 3.0 mm within two 

hours into the forecast. While EXP 3 appears to increase RMSE rapidly to over 3.0 mm in two 

hours, EXP 5 goes to 3.46 mm in three hours. Interestingly, EXP 2 shows the slowest increase of 

RMSE. Within 4 hours, the PWV error increases from 0.73 mm to about 3.60 mm. These OSSE 

results show that EXP 2 is the best possible DA configuration among the 5 experiments in the 

context of this case study.  

Given the large uncertainty in the observed precipitation amounts, our interest here is more 

whether the EXPs are producing precipitation in the same geographic locations corresponding to 

GPMF. We note that EXP 2 produces the most improved spatial distribution of 18-h total 

precipitation at 1200 UTC relative to GPMF (Fig. 6m, o), marked by the percentage area of 
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modeled precipitation 25 mm and above in the same area where GPMF produces 25 mm and 

above. However, none of the EXP resolves the timing issue of precipitation. By 0600 UTC, the 

spatial distribution of total precipitation does not match the GPMF observation. EXP 2 also 

exhibits high values of the most unstable convective available potential energy (MUCAPE) in 

the area of convective precipitation at 0000, 0300, and 0600 UTC (not shown). Its domain-wide 

average PWV is also low, but the PWV greater than 55 mm is concentrated in the area of the 

convective precipitation at 2100 UTC (not shown). The EXP 2 dewpoint temperature (Td2) 

greater than 20°C covers a slightly larger area at 2100 UTC in the central domain than other 

experiments (not shown).    

Based on the RMSE, the combination of having the initialization time near the CI time (i.e. 

2100 UTC) and longer length of assimilation (12-h DA cycle), as applied in EXP 2, appears to 

be the most optimal solution in addressing the short memory of PWV constraints in our current 

WRF configuration. Table 4 lists the final ensemble and DA configuration for our simulations 

(referred hereafter as DA forecasts) which we will adopt in our investigation of PWV DA 

experiments for all 38 weakly forced days in 2017. This finding agrees with Wheatly and 

Stensrud (2010), who demonstrate that 12-h cycle of assimilating hourly surface pressure 

observations from altimeter setting results in a reduced surface pressure RMSE during the 

forecast by about 0.4 hPa, and Benjamin et al. (2010) who show the significant impact of 

assimilating GPS-PWV on short-range relative humidity forecasts. For the control run, we run 

WRF using the same GFS initial condition but without DA (referred hereafter as NODA 

forecasts). While WRF/DART has a capability to assimilate a suite of meteorological 

observations (including conventional, radar, and satellite observations), our study did not 
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assimilate these observations in our experimental runs since our purpose is to isolate the impact 

of the in-situ GPS-PWV measurements assimilated into the CP WRF model.   

 

4. VERIFICATION METHODS 
 

Six variables from the forecast simulations are evaluated, i.e. PWV, precipitation (RAINNC), 

cloud top temperature (CTT), most unstable convective available potential energy (MUCAPE), 

and 2- meter dewpoint temperature (Td2) along with 10-meter wind. The moisture flux 

convergence diagnostic variable, which is a measure of horizontal and vertical water vapor 

convergence and its advection (Banacos and Schultz, 2005), is excluded because the 

spatiotemporal mean is visually challenging though it is an important visual tool for CI case 

studies (Gasperoni et al. 2018). To evaluate the model PWV, the DA and NODA RMSE, bias, 

and correlation coefficient are computed relative to the GPS-PWV throughout the forecast hours. 

The bias is defined as model PWV minus GPS-PWV. The PWV daily mean is also calculated to 

compare the DA and NODA forecasts with the GPS-PWV.  

To evaluate the model precipitation, we compute the average difference across the domain 

between the DA and NODA forecasts and within the area where the intersection of GC influence 

in the horizontal radius of each PWV observation site is the highest. With DA impact being 

measured horizontally from 1 at the observation site to 0 at the radius of 892 km, the intersection 

with the highest influence (hereafter GC11) is the area where 7 out of 18 observation sites are 

located (Figure 1b and 2). These sites are still far apart and limited in number compared to other 

studies. The accuracy of the DA and NODA precipitation compared with the GPMF precipitation 

product is measured by probability of detection (POD; Wilks 2006) and critical success index 

(CSI; Donaldson et al. 1975). The advantage of these two categorical statistics is that they 
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provide an intuitive measure of how accurate the model variable field is by counting the hits, 

misses, and false alarms. The mathematical expression of each is as follows 

 
!ET =

ℎKLM
ℎKLM + RKMMPM

 (7) 

 

 
=;I =

ℎKLM
ℎKLM + fNOMPNONQR +RKMMPM

 (8) 

The precipitation thresholds for 3-hourly and 18-hour total that are used to determine the hit, 

miss, and false alarm are adjusted based on the 10-mm total daily precipitation of Moker et al. 

(2018). The adjustment is necessary since the hourly total precipitation throughout its diurnal 

cycle varies from hour to hour. For this purpose, the daily mean precipitation across the sites 

extracted from GPMF is computed. We calculate the ratio of the 3-hourly total precipitation to 

the daily mean total precipitation. The adjusted threshold (Table 6) is the 3-hourly ratio 

multiplied by 10 mm.  

The CSI and POD are calculated using a neighborhood-based verification technique that 

considers precipitation events within ±1 grid points of the GPMF and the model. The DA and 

NODA precipitation fields are scaled up from 2.5 km horizontal resolution to the GPMF 0.1° 

resolution using the Earth System Modeling Framework “conserve” function within the National 

Center for Atmospheric Research (NCAR) Command Language (NCL). The CSI and POD 

values range from 0 to 1. As the value approaches 1 (0) the model precipitation forecast skill 

increases (decreases). We subtract the NODA CSI POD values from those of DA to assess the 

DA precipitation forecast skill relative to the NODA forecast skill during the weakly forced 

days. The average difference is calculated within the GC11 area. The statistical field significance 

of the domain-wide CSI and POD difference is computed following Moker et al. (2018) and 

Risanto et al. (2019). For each grid point, a two-tailed statistical local significance test is 
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established via a Monte Carlo resampling method of 1000 random permutations (p < 0.1) of the 

DA and NODA simulations. Their statistical field significance is computed using the method as 

described in Livezey and Chen (1983) with 1000 random resampling of the maps. The critical 

value of the statistical field significance is set to 90%, which is the 900th value of the histogram.  

Additionally, the fractions skill score (FSS; Roberts 2008) is also calculated using a 

neighborhood of ±1 grid points and the adjusted precipitation threshold in Table 6. FSS is a 

variation on the Brier Skill Score (FBS; Wilks 2011) defined as follows  
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where E& and <& are the GPMF observation and model fractions respectively at each ±1 grid 

points with values between 0 and 1. N is the number of pixels in the precipitation field. This 

analysis returns a single value between 0 and 1 for determining the precipitation forecast skill. 

While 0 indicates a complete forecast mismatch, 1 indicates a perfect forecast. Then the percent 

difference of the DA FSS relative to NODA FSS is computed. To confirm the results of the 

precipitation analysis, we evaluate CTT by calculating the mean CTT across all 38 weakly 

forced days and the hourly difference between the DA and NODA CTT since it evolves rapidly.   

The MUCAPE and Td2 are evaluated as proxies for surface moisture content along with the 

10-meter wind field to understand the environmental background. Studies in the past (Weisman 
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et al., 2013; Grunzke and Evans, 2017) demonstrate the importance of MUCAPE in predicting 

the convective growth and propagation. Areas with high MUCAPE values are favorable for 

convection to occur. Gasperoni et al. (2018) demonstrate that dewpoint and 10-meter wind help 

identify the instability and the moisture source and convergence respectively. In our study, the 

MUCAPE and Td2 are evaluated by calculating their 3-hourly mean and taking the difference 

between the DA and NODA. We only compute the average over the GC11.  

 

5. RESULTS 
 

This section presents the results of our verification of DA and NODA forecasts across all 38 

weakly forced days against: a) GPS-PWV and b) GPMF precipitation. We conducted DA and 

NODA real data assimilation experiments using the EXP 2 configuration discussed in section 3 

for each of the 38 weakly forced days listed in Table 1. 

 
5.1.  PRECIPITABLE WATER VAPOR 
 

Figure 7 shows the summary statistics of DA and NODA forecasts against the GPS-PWV.  

We present in particular the average hourly PWV across 18 observation sites and 38 weakly-

forced days (Figure 7a), as well as their associated RMSE, bias, and correlation (Figure 7b-d). 

Overall, the DA forecasts are closer to the GPS-PWV than the NODA from initialization time 

(1800 UTC) until 0800 UTC. Starting at 0900 UTC, the average DA forecasts appear to diverge 

from the GPS-PWV. Note that the difference between DA and NODA PWV is only statistically 

significant at 6 < 0.05 at 1800 UTC and 0700 to 1100 UTC using Student’s t-test. Both DA and 

NODA PWV peak at around 0400 to 0500 UTC, while the GPS-PWV peaks at 0900 UTC. The 

DA forecasts only reduce the difference but are unable to adjust the apparent phase difference 
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relative to the GPS-PWV through adjustments in moisture sources and sinks within the domain. 

Note that these differences represent the average across 38 weakly forced days for all 18 sites. 

This error reduction is clearly shown in the hourly RMSE and bias variations (Fig. 7b-c) 

throughout forecast hours. Consistent with the mean PWV comparison, the DA forecasts have 

lower RMSE than the NODA. It is clear that the DA forecasts reduce the PWV RMSE in the 

onset of the forecast. Within 5 hours, the DA PWV RMSE increases at the rate of 0.2 mm h-1, 

and peaks at 0100 UTC. The NODA PWV RMSE increases rather slowly from 2100 to 0100 

UTC and peaks at 2.1 mm. While the NODA RMSE begins to increase slowly after 0600 UTC, 

the DA forecasts increase at 0.2 mm h-1 after 0700 UTC. It surpasses the NODA RMSE at 0900 

UTC, which is consistent with the mean PWV comparison (Fig. 7a). This is also reflected in 

Figure 7c where the DA biases are consistently lower than the NODA biases prior to 0800 UTC. 

The DA forecasts also have higher correlation with the GPS-PWV (Fig. 7d). Consistent with the 

RMSE, the correlations fall within 5 hours, increase from 2300 to 0600 UTC, and then decrease 

again.  

While the difference in the spatial distribution of 3-hourly mean PWV between the DA and 

the NODA (Figure 8) is qualitatively small, a Student’s t-test results in a difference that is 

statistically significant at 6 < 0.05 for the domain-wide and the GC11 areas. The difference on a 

grid point basis for the 3-hourly mean PWV field (calculated across 38 weakly forced days) only 

ranges from about -3 to 3 mm. The average across the domain (as shown in the lower left for 

each panel) indicates that the DA PWV values are generally lower than those of NODA. The 

difference indicates that the DA PWV forecasts are relatively drier than the NODA. This is also 

the case over the GC11 (Fig. 8M-P) except initially at 1800-2100 UTC (Table 7). However for 

sites along the coast, there appear to be larger reductions in PWV as early as 1800-2100 UTC 
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than sites in the mountainous region (> 500 m msl). The PWV reduction at higher altitudes 

begins at around 2100 UTC marked with a reddish color in southern GC11.  It agrees with 

Risanto et al. (2019), who have shown that the domain-wide PWV forecast is more sensitive to 

initial PWV in the coastal sites (<500 m asl) than that in the mountainous sites. 

In summary, the DA forecasts show reduced PWV errors relative to the GPS-PWV even 

though they do not show an improvement in terms of the phase in the mean PWV diurnal 

variation. In addition, the mean DA PWV across the spatiotemporal domain is lower than that of 

NODA producing a relatively drier environment except over the GC11 during the first 3 hours of 

the forecast pointing to an overall model moisture response to a slight decrease in PWV at 

initialization time. 

 
5.2.  PRECIPITATION 
 

The 3-hourly mean precipitation rate of the DA and NODA forecasts and the difference 

between them are shown in Figure 9. Performed on the grid-point differences, a Student’s t-test 

results in a difference between the DA and the NODA that is statistically significant at 6 < 0.05 

for the domain-wide and the GC11 areas. The DA forecasts appear to preserve the precipitation 

longer than the NODA. The NODA precipitation begins at 2100-0000 UTC over the western 

slopes of the SMO with an average across the domain of 0.21 mm h-1. It decreases to 0.13 mm h-

1 at 0300-0600 UTC. By 0900-1200 UTC, the NODA precipitation is hardly visible across the 

domain. However, the DA forecasts, which shows the start of precipitation in the same period 

with its peak occurring at 0000-0300 UTC, still continue generating precipitation with an 

average of 0.14 mm h-1 at 0300-0600 UTC and 0.08 mm h-1 at 0600-0900 UTC.  Over the GC11, 
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the average DA precipitation is 0.43 mm h-1 whereas the NODA precipitation is 0.33 mm h-1 at 

0300-0600 UTC (Table 8).  

Figures 9o-u and Table 8 provide a clearer view of the difference in extent between the DA 

and NODA precipitation. That is, the DA precipitation lasts longer than the NODA precipitation. 

From 0300 UTC to 0900 UTC, the area across the SMO shows a positive difference, which 

means the DA forecasts generate more precipitation during this period. The average difference 

across the domain is 0.01 mm h-1 and 0.02 mm h-1 at 0300-0600 UTC and 0600-0900 UTC 

respectively. Over the GC11 the average differences are 0.1 mm h-1 at 0300-0600 UTC and 0.08 

mm h-1 at 0600-0900 UTC. The NODA forecasts, however, appear to peak the precipitation at 

0000-0300 UTC, with the differences of -0.03 mm h-1 (Fig. 9q) across the domain and -0.08 mm 

h-1 (not shown; see Table 8) over the GC11. Although the difference in the 18-hour daily mean 

(Fig. 9u) is very small, the GC11 has a positive average of 0.02 mm h-1 (Fig. 9U).  

Looking at the hourly mean across the observation sites and 38 weakly forced days (Fig. 10), 

we find that the amount of the DA and NODA precipitation is much lower than the rain gauge 

measurements, but it is closer to the GPMF retrievals. A Student’s t-test shows that the 

difference between the DA and NODA precipitation is not statistically significant at 6 < 0.05.  

The bias between the DA and NODA precipitation relative to the rain gauge measurements 

ranges from 0.30 to 0.40 mm at the peak (0200 UTC). On the other hand, the bias relative to the 

GPMF is between 0.05 to 0.15 mm at 0200 UTC. The challenge is that the rain gauge is a point 

measurement, while satellite precipitation products and model simulations are gridded quantities 

which differ in scale. Interestingly, the DA forecasts (albeit lower in magnitude) appear to 

capture the domain-wide temporal extent of rainfall starting from 1800-2100 UTC and ending at 

0600-0900 UTC.  This leads to having precipitation between 0500 to 0900 UTC while the 
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NODA precipitation has already started to decrease from 0400 to 0900 UTC. This timing is 

consistent with Figure 9 especially over the GC11 where MCSs are expected to be initiated and 

developed. We note that these values represent a systematic difference as these are averages 

across all observation sites and all 38 weakly-forced days where we expect PWV to have the 

most thermodynamic impact. 

These findings are strongly supported by POD and CSI statistics. Figures 11(a-g) show the 

POD precipitation verification metrics that are all field significant (> 90% confidence). The DA 

forecast skill is higher than that of NODA especially during the start of precipitation (1800-2100 

UTC), to the later periods: 0600-0900 UTC and 0900-1200 UTC. This higher forecast skill (with 

values greater than 0) dominates the western slopes of the SMO, especially the GC11 and to the 

south, even though the average difference between the DA and NODA forecast skill is only 

positive after 0300-0600 UTC. The NODA forecasts, however, show higher forecast skill 

between 2100 to 0300 UTC (with values lower than 0). It appears that the DA forecasts shift the 

precipitation to the later forecast hours and thus, we still see the DA higher forecast skill over the 

GC11 and an area to the north of GC11 even at 0900-1200 UTC. In the 18-hour mean, the DA 

forecasts exhibit higher forecast skill over the GC11 and westward. The CSIs (Fig. 11h-n) are 

also field significant. In general, the patterns are similar to those of POD and the average 

differences in the GC11 is consistent with those of POD. The DA forecasts exhibit higher 

forecast skill starting at 0600-0900 UTC over the GC11. Applying the FSS on the domain-wide 

precipitation field using a neighborhood of ±1 grid points and the adjusted precipitation 

threshold (Table 6), we also found consistent results. The DA forecast skill is higher than the 

NODA at 0300-0600 UTC, 0600-0900 UTC, and 0900-1200 UTC by 5.4%, 16%, and 13.1% 

respectively (Table. 8). 
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In summary, the DA forecasts are able to preserve the precipitation after 0300 UTC 

especially over the GC11 and to the south, while the NODA forecasts terminate the precipitation 

after 0300 UTC. The DA forecast skill for the westward convective propagation after 0300-0600 

UTC is not improved. 

 
5.3.  CLOUD-TOP TEMPERATURE 
 

The average of the DA and NODA CTT, as well as their difference for 0200 UTC to 0700 

UTC when the convective cloud is present, are shown in Figure 12. A Student’s t-test results in a 

difference between the DA and the NODA that is statistically significant at 6 < 0.05 for the 

domain-wide and the GC11 areas. The CTT values ranges from 0° to about -75° C. Starting at 

0300 UTC, some areas indicate that the DA CTT is colder than the NODA CTT. This DA-

NODA difference is marked by a bluish color with -5° C isotherm. Over time, this negative 

difference becomes larger in extent. At 0400 and 0500 UTC, the negative difference is around 

the GC11, and to the south. Though spatially decreasing after 0400 UTC, it remains over the area 

until 0700 UTC. Some scattered negative differences also propagate toward the GoC from 0500 

UTC to 0700 UTC.  

We find that the location and timing of the DA CTT confirm our findings on the DA and 

NODA precipitation. The DA forecasts appear to maintain stronger convective systems reflected 

in the colder CTT around the GC11 and to the south starting at 0300 UTC. It is consistent with 

the precipitation after 0300 UTC, and the peak of precipitation that is around 0100 to 0300 UTC. 

 

5.4.  MUCAPE 
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Here, we look at MUCAPE to investigate the physics and thermodynamics of why the DA 

precipitation lasts longer than the NODA. Figure 13 presents the 3-hourly mean MUCAPE. A 

Student’s t-test results in a difference between the DA and NODA MUCAPE that is statistically 

significant at 6 < 0.05 for the domain-wide and the GC11 areas. In the lower left of each panel 

is the MUCAPE value over the GC11. 

Surface heating during daytime (1800 to 0000 UTC) helps build the instability over land. 

While the NODA MUCAPE over the GC11 decreases from 1800-2100 UTC to 2100-0000 UTC, 

the DA MUCAPE increases in the same periods. At 0000-0300 UTC, the DA MUCAPE peaks at 

1133.0 J kg-1 and makes the highest difference (39.0 J kg-1) between the DA and NODA 

MUCAPE. At 0300-0600 UTC the difference is 27.6 J kg-1.  

The low PWV in the DA forecasts is likely to contribute to maintaining the DA MUCAPE by 

affecting thermodynamic properties of the environment. Thus, the DA forecasts maintain the 

higher MUCAPE values at 0000-0300 UTC and 0300-0600 UTC than the NODA forecasts. The 

MUCAPE difference (Fig. 13m-r) shows the location and timing of the DA MUCAPE relative to 

the NODA. Within the first two periods, the average difference is negative, indicating that the 

NODA MUCAPE exhibits higher values than the DA. However, at 0000-0300 UTC and 0300-

0600 UTC, the GC11 exhibits a positive difference indicating that the DA forecasts generate 

higher MUCAPE.  

Both the DA MUCAPE location and timing are consistent with the DA PWV, precipitation, 

and CTT. The higher instability created by the DA MUCAPE provides a more favorable 

environment for convective organization and is likely to maintain the precipitation over the 

domain during the weakly forced days. The high NODA MUCAPE at 1800-2100 UTC likely 
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explains the early onset and peak of NODA precipitation, and its early termination. With its 

lower MUCAPE, the energy to boost the vertical motion is lower than that of DA forecasts. 

 
5.5.  2-M DEWPOINT TEMPERATURE AND 10-M WIND 
 

We also look at Td2 and 10-m wind to help thermodynamically explain the PWV DA impact 

on precipitation. Figure 14(m-r) shows the difference between the DA and NODA Td2. These 

are overlaid with the DA and NODA 10-m wind vectors respectively to highlight convergence 

and the possible source of moisture. The value on the lower left of each panel is the average Td2 

over the GC11. The difference between the DA and NODA Td2 is less than 0.5°C and a 

Student’s t-test shows that the difference is statistically significant at 6 < 0.05 for the domain-

wide and the GC11 areas. Note that the average DA Td2 over the GC11 is higher than the 

NODA Td2 in the first 12 hours. This difference becomes negative in later periods. 

Based on the 10-m wind vectors, the moisture source in the DA and NODA forecasts is the 

GoC. At 1800-2100 UTC and 2100-0000 UTC, there are noticeable westerly and easterly flows 

moving upslope over the western and eastern slopes of the SMO with wind speed around 5 m s-1. 

Both flows converge over the peak of the SMO. An increase in Td2 in the GC11 is notable from 

2100-0000 UTC to 0300-0600 UTC for the DA and NODA forecasts. Similarly, the PWV over 

the GC11 (Table 7) also increases in these periods. Though the DA PWV is lower, the DA 

forecasts appear to distribute more moisture near the surface than the NODA, and reduce 

moisture aloft, as indicated by the DA Td2.   

In the DA and NODA forecasts, the combination of the 10-m wind convergence and the high 

moisture content or PWV creates a favorable environment for convective organization especially 

over the SMO at 2100-0000 UTC. Since the difference in the GC11 is positive in the first 12 
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hours, the DA forecasts contain more near-surface moisture. Consequently, the DA forecasts 

generate a more unstable environment for convective organization beyond 0300 UTC. This 

thermodynamic condition is consistent with the DA MUCAPE. As a result, the DA forecasts are 

able to generate precipitation after 0300 UTC especially around the GC11. 

 

6. DISCUSSION 
 

As can be expected, assimilating GPS-PWV into WRF reduces the error in the WRF PWV 

initial condition. However, this error reduction does not translate to adjustments in the average 

diurnal phase of PWV in this NAM region (esp. GC11). Changes in initial moisture directly 

affected moisture to a limited spatiotemporal extent. In particular, the DA forecasts, which were 

initialized with PWV analysis, created a wetter near surface condition during the first 3 hours in 

the GC11. This in turn adjusted precipitation in the area closer to GPMF as supported by higher 

CSI and POD. Its impact towards PWV and precipitation in later periods is not clearly evident 

until the 0900-1200 UTC period, when the drop in domain-wide GPMF precipitation is better 

captured by the DA forecasts; thereby improving the forecast skill in both CSI and POD during 

this later period. Overall, the DA forecasts better capture the temporal extent of precipitation, 

albeit lower in magnitude especially during the peak periods. In terms of CTT, the impact of 

PWV starts to be evident at 0300-0600 UTC, where we find a much colder CTT in the DA 

forecasts. Colder CTT implies relatively more intense and strongly developing convective 

precipitation consistent with the overall diurnal variation of precipitation. This is clearly 

supported by larger MUCAPE values and warmer Td2 during this period.  

As shown in the results, the PWV diurnal phase difference is not corrected with PWV data 

assimilation. We hypothesize that this is not an initial condition problem in WRF but implies a 
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model error most likely related to physics representation in WRF. Vincent and Lane (2016) have 

also found the diurnal cycle phase issue in their WRF model. Even though they did not look at 

the PWV, they found that the peak of the precipitation diurnal cycle in the Maritime Continent 

(Papua Island) comes 4-5 hours earlier than observed. We plan to try the modified Kain-Fritsch 

scheme (Luong et al. 2018) to investigate the issue. Another source of error is probably the 

coarse vertical resolution of the model that is insufficient to represent and resolve processes 

related to complex topography in northwestern Mexico. For example, this is likely to affect the 

wind which is responsible for the moisture propagation in the model domain. We highlight 

further investigation of this phase error as this work has only shown a muted role of initial PWV 

on diurnal cycle.   

In particular, we note that the domain-wide comparison of PWV indicates a drier 

environment in the DA than NODA forecasts, although the DA PWV is closer to the GPS-PWV. 

There appear to be competing effects between coastal and mountain sites as the PWVs in the 

coastal sites are larger in WRF than observations while the opposite is the case in the mountain 

sites. While the adjustments in PWV appear to be consistent, the WRF forecasts are also 

influenced by other state variables that are only indirectly (and partially) affected by PWV in the 

DA algorithm through the ensemble sensitivity. We note as well that the DA performance is 

influenced by the choice of localization radius that we specified and the limited sensitivity of 

PWV (as an integrated column) to surface moisture. These adjustments are reflected mostly on 

the large-scale response of the model to rainfall. There are many other factors that contribute to 

the PWV diurnal cycle such as pressure, temperature, topography, land-atmosphere interaction, 

and to some extent larger-scale atmospheric circulation (Adams et al 2015; Torri et al. 2019). 

The study by Sobash and Stensrud (2015) on assimilating surface observations indicates that the 
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biases in the surface moisture affect the adjustment of the overlying free atmosphere. Welty et al. 

(2020) has also demonstrated region-specific and regime-specific dependence of afternoon 

rainfall to moisture convergence, humidity, and soil moisture. Over NAM, they showed a 

preferential occurrence of rainfall from wetter soil at low moisture convergence, for example. 

Inconsistencies in model sensitivity of rainfall to lower free tropospheric moisture have also been 

reported by Lintner et al. (2017) highlighting the importance of having observational constraints 

of moisture across the vertical profile. They indicated that models with high PWV and low-level 

moisture errors tend to exhibit high precipitation error. These studies seem to give some 

indications too to why our modeled precipitation is lower during 0100-0600 UTC considering 

wetter conditions (domain-wide) relative to the GPS-PWV. Hence, while the low-level moisture 

may be improved by the DA processes, the state variables above the surface may not be 

improved. As a result, assimilating PWV into WRF mainly reduces the PWV bias.  

The propagation of the PWV error reduction from the coastal area toward the western slopes 

of the SMO is likely to be associated with the persistent low-level wind from the GoC flowing 

northeastward from 1800 UTC to 0300 UTC as seen in the 10-meter wind flow (Fig. 14). The 

wind that transports the moisture from the GoC and is driven by the diurnal surface heat low may 

contribute to the adjustment of the atmospheric moisture content starting from the coastal region 

to the SMO. Risanto et al. (2019) demonstrate that the domain-wide PWV in the later forecast 

hours is more sensitive to the change of the initial PWV in the coastal area (< 500 m msl) than 

that in the mountainous area.  We note that assimilating other meteorological data (when 

available) would benefit the representation and consistency of other thermodynamic variables 

influencing moisture transport and recycling in the NAM region. Our choice of lower 

observation error was partly due to the lower ensemble spread and self-imposed limits on 



 

 

123 

 

inflation factors given that other state variables are not directly constrained by other data in our 

current system. 

 

7. SUMMARY 
 

We simulate NAM precipitation events on 38 weakly forced days during the 2017 GPS 

Hydrometeorological field campaign using the WRF-ARW with CP parameterizations coupled 

with data assimilation using DART. GFS is used for the lateral boundary forcing. Considering 

the data availability, the possible operational implementation, and the experiments with some 

possible DA configurations, we assimilate one-hourly GPS-PWV data into a 30-member 

ensemble WRF/DART forecast/analysis system for 12 hours starting at 0600 UTC. At the end of 

the DA cycle, the mean ensemble analysis is used as the initial condition for an 18-hour 

deterministic forecast (DA forecasts). Control runs with WRF/DART (NODA forecasts) are also 

performed without assimilating the GPS-PWV for direct comparison. 

The results show that the DA PWV diurnal cycle is closer to that of the GPS-PWV. Even 

though the DA forecasts reduce the PWV bias, lower the RMSE, and exhibit higher correlation 

compared to the NODA forecasts, the assimilation is unable to adjust the PWV phase difference, 

which has been an issue reported by Moker et al. (2018) and Risanto et al. (2019). The lower 

RMSE and higher correlation of the DA forecasts than those of NODA remain for about 15 

hours into the forecast.  

The DA forecasts improve the precipitation timing, which is field significant as shown in 

POD and CSI verification metrics. While the NODA forecasts show a drop in precipitation after 

0300 UTC, the DA forecasts still generate precipitation. The DA precipitation forecast skill is 
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higher especially over the GC11 and to the south at 0300-1200 UTC. It is confirmed by the DA 

CTT that shows the existence of colder convective clouds after 0300 UTC over the areas. The 

DA forecasts do not improve the westward propagation of the NAM convective systems. Though 

the precipitation magnitude measured in each site is much less than the rain gauge 

measurements, it is close to the site equivalent GPMF measurements.  

The DA MUCAPE is higher starting at 0000-0300 UTC than the NODA MUCAPE, 

especially on the western slopes of the SMO and over the GC11. The DA Td2 field exhibits 

higher values over the same areas from 1800 UTC to 0600 UTC. The 10-meter wind field shows 

the moisture convergence over the SMO. As summarized in Figure 15, these three variables 

indicate that the atmosphere in the DA forecasts contains more near-surface moisture and less 

moisture aloft, is more unstable and favorable for convective organization, and thus able to 

maintain the convective precipitation after 0300 UTC.  

Though the DA does not have a large magnitude impact compared to the NODA, it still has 

an important contribution in lowering the PWV bias, and especially maintaining the precipitation 

after 0300 UTC as the NODA begins to show a decrease in precipitation. The DA also provides 

us with a new insight that the area with dense observation sites, to which more GPS-PWV data is 

assimilated, experiences longer precipitation. It suggests that potentially higher observation 

density may provide more constraints on NWP precipitation forecasts in the region. Moreover, 

this study only uses the Kain-Fritsch convective scheme for the non-convective-permitting 

domains. Luong et al. (2018) demonstrate reasonable improvements in modeled NAM 

precipitation by applying the modified Kain-Fritsch convective scheme. Future studies should 

include more observation sites and possibly more observation types, along with improved model 

physics, to improve the NAM precipitation forecast over northwest Mexico. 
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TABLES 
 

TABLE 7. List of days during the GPS Hydromet 2017 field campaign. Based on synoptic and mesoscale 

features, the days are classified into strongly and weakly forced days, as well as days with light convection, tropical 

cyclone, and monsoon break. There are 39 weakly forced days, with 19 August case excluded due to simulation 

crash. 

Weakly forced Strongly forced Light convection Break TC 
1-Jul to 5- Jul 7-Jul to 9-Jul 30-Jun 17-Jul 1-Sep 

10-Jul to 12- Jul 13-Jul 6-Jul 21-Jul 2-Sep 
15-Jul 14-Jul 15-Aug 30-Jul  
16-Jul 18-Jul 20-Aug 5-Aug  
19-Jul 27-Jul 21-Aug 6-Aug  
20-Jul 28-Jul 24-Aug 13-Aug  

22- Jul to 26- Jul 18-Aug 10-Sep to 12-Sep 14-Aug  
29-Jul   17-Aug  
31-Jul   28-Aug to 

31-Aug 
 

1-Aug to 4-Aug   5-Sep  
7-Aug to 12-Aug   6-Sep  

16-Aug   8-Sep  
22-Aug   9-Sep  
23-Aug     

25-Aug to 27-Aug     
3-Sep     
4-Sep     
7-Sep     

 
 

TABLE 8. List of satellite-based precipitation products being considered in the study and their mean RMSEs and 

biases relative to the rain gauge measurements. Both the RMSEs and biases are calculated based on the precipitation 

measurement from 30 June to 12 September 2017. Note that GPMF has the lowest mean RMSE value. 

Product Spatial 
Res. 

Temporal Res. 
[hour] 

Reference Mean 
RMSE [mm 

day-1] 

Mean Bias 
[mm day-1] 

GPME 0.1° 0.5 Huffman (2018); Hou 
et al. (2014) 

9.92 0.43 

GPMF 0.1° 0.5 Huffman (2018); Hou 
et al. (2014) 

9.48 -1.34 

CMORPH 8 km 0.5 Joyce et al. (2004) 13.48 -0.5 
PERSIANN 0.25° 1 Sorooshian et al. 

(2002) 
13.86 3.42 
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TABLE 9. WRF-ARW model settings and physics parameterization schemes. 

WRF setting Option chosen 
Lateral boundary forcing Global Forecast System 
Horizontal grid (d01) 159 × 99, ∆É = 30GR 
Horizontal grid (d02) 270 × 231, ∆É = 10GR 
Horizontal grid (d03) 460 × 548, ∆É = 2.5GR 
Vertical grid 27 levels, ptop = 100 hPa 
Cumulus scheme  d01 and d02: Kain-Fritsch (Kain 2004)  

d03: none 
Microphysics scheme WRF single-moment 6-class (Hong and Lim 2006) 
Longwave radiation scheme Rapid Radiative Transfer Model (Iacono et al. 2008) 
Shortwave radiation scheme Goddard (Chou and Suarez 1999) 
Land surface scheme Noah-MP (Niu et al. 2011) 
Planetary Boundary Layer scheme Yonsei University (Hong et al. 2006) 

 
 
 
 
 

TABLE 10. DART options. Updated WRF state fields: U, V, W, PH, T, MU, QVAPOR, QCLOUD, QRAIN, QICE, 

QSNOW, U10, V10, T2, TH2, Q2, and PSFC. No observation outlier threshold rejection was done.  

Parameter Value 
Filter type Ensemble adjustment Kalman Filter 
Adaptive inflation True—initial 1.0, 0.6 (initial mean, spread) 
Localization type Gaspari-Cohn 
Horizontal localization half-width 445.97 km 
Vertical localization half-width 3.5 km 
Ensemble members 30 
Sampling error correction False 
Assimilation interval 1 h 

 
 
 
 
 

TABLE 11. PWV RMSE value for each experiment in the forecast IC and the hours taken to increase the value 

greater than 3 mm. Note that EXP 2 has the lowest RMSE in the forecast IC and the slowest increase of RMSE. 

 RMSE at the last cycle [mm] time to RMSE > 3 mm 
EXP 1 0.734 2 hours to 3.79 mm 
EXP 2 0.730 4 hours to 3.61 mm 
EXP 3 1.510 1 hours to 3.26 mm 
EXP 4 0.803 2 hours to 3.13 mm 
EXP 5 1.192 3 hours to 3.46 mm 
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TABLE 12. Adjusted precipitation thresholds based on the GPMF 3-hourly total precipitation and the daily 

precipitation of Moker et al. (2018) set to 10 mm. 

Time [UTC] GPMF [%] Rain gauge [%] GPMF threshold [mm] 
1200 – 1500 4.18 5.54 0.4 
1500 – 1800 2.09 3.12 0.2 
1800 – 2100 6.39 13.36 0.6 
2100 – 0000 17.10 20.35 1.7 
0000 – 0300 26.25 24.94 2.6 
0300 – 0600 25.21 19.70 2.5 
0600 – 0900 12.60 7.13 1.3 
0900 – 1200 6.14 5.81 0.6 
1800 – 1200 93.72 91.3 9.4 

 
 
 
 
 
 
 
 

TABLE 13. Average PWV over the GC11 for the DA and NODA forecasts, and the differences. 

Time [UTC] DA [mm] NODA [mm] Difference (DA-NODA) [mm] 
1800-2100 40.49 40.27 0.22 
2100-0000 40.48 40.57 -0.09 
0000-0300 41.41 41.56 -0.16 
0300-0600 41.73 41.77 -0.04 
0600-0900 40.63 41.00 -0.37 
0900-1200 39.45 39.94 -0.49 
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TABLE 14. Average precipitation rate over the GC11 for the DA and NODA forecasts and the differences, as 

well as the DA and NODA fractions skill score (FSS) with its difference in percent. 

Time [UTC] DA [mm 
h-1] 

NODA 
[mm h-1] 

Difference 
(DA-NODA) 

[mm h-1] 

FSS DA [×
	10-1] 

FSS 
NODA 
[× 10-1] 

FSS 
difference 

[%] 
1800-2100 0.11 0.06 0.05 2.74 2.89 -5.0 
2100-0000 0.22 0.22 0.00 3.55 3.77 -5.9 
0000-0300 0.27 0.36 -0.08 2.76 2.9 -4.8 
0300-0600 0.43 0.33 0.1 1.88 1.78 5.4 
0600-0900 0.24 0.16 0.08 1.28 1.1 16.0 
0900-1200 0.07 0.05 0.02 8.31 7.35 13.1 
1800-1200 0.21 0.19 0.02 2.56 2.63 -2.5 
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FIGURES 

 
FIG. 1. The Advanced Research version of the Weather Research and Forecasting (WRF-ARW) nested domain configuration 

(a). The inner domain with plotted observation site locations (b). There are 12 temporary observation sites (red dots), 8 observation 

sites of the Trans-boundary, Land and Atmosphere Long-term Observational and Collaborative Network (TLALOCNet; blue 

squares), and 7 observation sites of Comisión Nacional del Agua (CONAGUA; blue triangles). The elevation is shaded from 0 m 

(a)

(b)(b)

(b)
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to about 2500 m above mean sea level. The North American monsoon region (24°-30° N and 112°-106° W) set up by NAME 2004 

is outlined in black dash-dot lines. The area within the green solid line marks the area where the intersection of Gaspari Cohn (GC) 

influence in the horizontal radius of each PWV observation site is the highest. 

 

 
FIG. 2. Gaspari-Cohn influence on the horizontal centered in OPDE based on 0.07 cutoff (left). Convolution or intersection 

of the Gaspari-Cohn influence based on all 18 PWV observation sites (right). Within contour level 11 (GC11) is the area with the 

most DA influence.    
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FIG. 3. Posterior PWV bias of each OSSE at the last data assimilation cycle relative to the GFS Nature Run for the 9 

August 2017 case. Top panels are the bias for the OSSE run for 20-member ensemble(a), 30-member ensemble (b), 40-member 

ensemble (c) with one-hour interval data assimilation, and 30-member ensemble (d) with 5-minute interval data assimilation. 

Lower panels are the bias of the control run for its respective OSSE run. The value in the lower left is the average PWV bias 

across the domain. Terrain is contoured every 500 m (grey lines). 
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FIG. 4. The DA cycle experiment schemes of 9 August 2017 case. Each experiment is initiated with a perturbation of 

several variables at a certain hour using the CV3 background error covariance, followed by a 6-hour spin up to introduce growth 

of ensemble spread in d03. Each experiment has a certain length of DA cycles, and thus a certain initial forecast hour. The 

forecast initial condition is the ensemble mean of the posteriors in the last DA cycle. All experiment forecasts end at 1200 UTC 

on 10 August 2017. 

 

 
FIG. 5. Root Mean Square Error (RMSE) for each experiment. The onset of the DA cycle is marked by a yellow star, and 

the end is by a yellow diamond. EXPs 1 and 2 are initiated at 0000 UTC and the DA cycles are started at 0600 UTC, but EXP 1 

initiates the forecast mode at 1200 UTC, whereas EXP 2 at 1800 UTC. EXPs 4 and 5 are also initiated at the same time (1800 

UTC) and the DA cycles are started at 0000 UTC, but EXP 4 initiates the forecast mode at 1200 UTC whereas EXP 5 at 1800 

UTC. EXP 5 has the longest DA cycle. Note that EXP 2 has the slowest increase of RMSE in the forecast hours. 
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FIG. 6. Accumulated precipitation for each experiment from 1200 UTC of 9 August to 0000 UTC of 10 August (b to f), 

from 1200 UTC of 9 August to 0600 UTC of 10 August (h to l), and from 1200 UTC of 9 August to 1200 UTC of 10 August (n 

to r). Panels a, g, and m show the GPMF accumulated precipitation of each respective period. The precipitation contour (black 

curves) is of the GPMF precipitation at 25 mm. The percentage in panels n to r indicates the ratio of area covered by 25-mm and 

more modeled precipitation to the same area in GPMF confined with 25-mm contour. EXP 2 exhibits the highest percentage. 
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FIG. 7. The mean diurnal cycle of DA, NODA, and GPS-PWV (a) across the observation sites for all 38 weakly forced 

days. Shaded area in grey is the standard error of the GPS-PWV. The RMSE of DA and NODA PWV relative to GPS-PWV (b). 

The bias of DA and NODA PWV relative to GPS-PWV (c). The correlation of DA and NODA PWV to GPS-PWV (d). Note that 

from 1800 UTC to 0800 UTC, the DA PWV performs better than the NODA PWV. The star indicates that the difference between 

the DA and NODA PWV is statistically significant at 18, 07, 08, 09, 10, and 11 UTC.  
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FIG. 8. Three-hourly mean PWV field across the inner domain for all 38 weakly forced days. The DA PWV (a to f), the 

NODA PWV (g to l), and the PWV difference (m to r) are displayed. The site markers in panel a to l are color-coded with the 3-

hourly mean GPS-PWV. The value in the lower left is the average PWV in the domain. The average PWV within the GC11 is in 

Table 7. The difference shows that the DA forecasts have lower values which agree with the mean diurnal cycle of DA PWV 

calculated from the observation sites shown in FIG. 7. The GC11 (FIG. 8m-p) is enlarged in panels M, N, O, and P with the 

average PWV value within the GC11 same as those in Table 7. The terrain is contoured every 500 m (grey lines) with a thicker 

contour at 500 m. 
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FIG. 9. Three-hourly mean precipitation rate of the DA forecasts (a to f), the NODA forecasts (h to m) and the precipitation 

difference (o to t) for all 38 weakly forced days. The 18-hour mean precipitation rate of the DA and NODA forecasts are on 

panels g and n respectively. The difference is on panel u. The value in the lower left is the average precipitation rate over the 

domain. The average precipitation rate over GC11 is shown in Table 8. Note that starting at 0300-0600 UTC, the DA forecasts 

continue generating precipitation especially over the GC11. Panels R, S, T, U are the enlargement of panels r, s, t, u, and the 

values are the average over the GC11 same as those in Table 8. The terrain is contoured every 500 m (grey lines). 
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FIG. 10. Mean diurnal cycle of DA and NODA precipitation as well as of GPMF and rain gauge measurements across the 

observation sites. Shaded areas in grey represent the standard errors of the GPMF measurement. Note that the model precipitation 

diurnal cycle is closer to that of the GPMF than to that of the rain gauge measurements, and it starts at the IC (1800 UTC). 
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FIG. 11. POD (a to g) and CSI (h to n) metric differences between the DA and NODA precipitations for the 3-hourly 

periods (a to f and h to m) as well as the 18-hour total (g and n). Each metric is calculated using a neighborhood verification 

technique that considers precipitation events in ±1 grid point. Blue (red) indicates the increased forecast skills for the DA 



 

 

153 

 

(NODA) precipitation during the weakly forced days. All metrics are statistically field significant (>90%). The average 

difference between the DA and NODA metrics in the GC11 are displayed in the lower left of each panel. 

 

 
 

 
FIG. 12. Hourly CTT of DA (a to f) and NODA (g to l) forecasts from 0200 UTC to 0700 UTC are displayed with -10°C 

isotherm. The CTT difference (m to r) of each respective hour is displayed with -5°C isotherm. Note that the NODA CTT (0400 

to 0700 UTC) decays faster than that of the DA especially over the GC11. The CTT differences of those hours show negative 

values around GC11. 
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FIG. 13. Three-hourly mean MUCAPE from the DA (a to f) and the NODA (g to l) forecasts. The MUCAPE difference for 

each period is displayed on panels m to r. The average value of the MUCAPE over the GC11 is shown in the lower left of each 

panel. Note that the DA MUCAPE is slightly higher than that of NODA at 0000-0300 UTC and 0300-0600 UTC. The terrain is 

contoured every 500 m (gray lines). 
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FIG. 14. Three-hourly mean 2-m dewpoint and 10-m wind vectors from the DA (a to f) and NODA (g to l) forecasts. The 

dewpoint difference is displayed in panels m to r. The average value of the 2-m dewpoint over the GC11 is shown on the lower 

left of each panel. The DA dewpoint is slightly higher than that of NODA in every period except at 0600-0900 UTC and 0900-

1200 UTC. The 10-m wind vectors show that the increased 2-m dewpoint in the models from 2100 to 0600 UTC is likely to be 

associated with the moisture advection from the GoC and the easterly flow as they converge over the SMO. The terrain is 

contoured every 500 m (grey lines). 
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FIG. 15. Comparison between the atmospheric preconditioning of DA and NODA forecasts at around noon to early evening 

hours (1100-2000 LT or 1800-0300 UTC), as well as the DA and NODA precipitation in the evening to early morning hours 

(2000-0200 LT or 0300-0900 UTC). 
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ABSTRACT 
 
This paper is to demonstrate the potential of extreme cool-season precipitation forecasts in the 

Arabian Peninsula (AP) at sub-seasonal time scales, identify the region and periods of forecast 

opportunity, and investigate the predictability of synoptic-scale forcing at sub-seasonal time 

scales. To this end, we simulate 18 extreme precipitation events using the convective-permitting 

weather research and forecasting (CP-WRF) model with lateral boundary forcing from the 

European Centre of Medium-range Weather Forecasts sub-seasonal to seasonal reforecasts 

(ECMWF S2S reforecasts). The simulations are initiated at one-, two-, and three-week lead 

times. At all lead times, the CP-WRF improved the mean accumulated precipitation in the 

extratropical synoptic regimes over the west coastal and central AP and the central Red Sea. 

Based on categorical statistics with a threshold of 20-mm accumulated precipitation over 7 days, 

the CP-WRF accurately forecasted the precipitation over Jeddah, the west coast of AP, and the 

central Red Sea up to three weeks lead time. The relative operating characteristic curve 

reconfirmed the high forecasting skill of the CP-WRF, with an area under the curve above 0.5 in 

most of the events at all lead times. Finally, the correlation coefficients between the ECMWF 

and ECMWF reanalysis interim 500-hPa geopotential heights were higher in the events 

associated with the extratropical synoptic regime than in those associated with the tropical 

synoptic regime, regardless of lead time. Therefore, the convective-permitting model can 

potentially improve the accuracy of extreme winter precipitation forecasts at two-and three-week 

lead times over Jeddah, the west coast of AP, and the central Red Sea in the extratropical 

synoptic regime. 

 
 
1. INTRODUCTION 
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More reliable forecast systems are needed for early warning of extreme weather events 

(Vitart and Robertson 2018) such as heavy precipitation, flash flooding, and heat waves (e.g., 

Liang and Lin 2018; Vuillaume et al. 2018; Grimm et al. 2021). The socioeconomic impacts of 

such events have become more profound in today’s changing climate (e.g., Smith and Katz, 

2013). We are interested in extreme precipitation events that cause flash flooding on the Arabian 

Peninsula (AP), one of the driest and most water-limited environments in the world (Köppen 

1936). Flash flooding occurs when heavy precipitation falls on dry soils with low soil-infiltration 

capacity (Al Saud 2010; Almazroui, 2011), filling ephemeral stream channels (called wadis in 

the Middle East) within a matter of minutes (Haggag and El-Badry 2013; Deng et al. 2015). In 

recent decades, the AP has experienced rapid socioeconomic development, expansion of 

urbanization and agricultural activities, and high population growth (Luong et al. 2020b; Hoteit 

et al. 2021). Episodic extreme precipitation events and flash flooding have increased 

concurrently, causing hundreds of casualties and infrastructural damages costing more than one 

billion U.S. dollars (Al-khalaf and Basset 2013; Haggag and El-Badry 2013; de Vries et al. 

2016).  

Climatologically, most precipitation in the AP occurs during the cool season from 

November to April. On average, the southwestern part of the AP receives approximately 300 mm 

of rainfall (60% of the annual precipitation) from October to May, while the rest of the region 

receives very small amounts of precipitation (Almazroui 2011). During this warm season from 

May to October, the precipitation at the southwestern tip of the AP is principally generated by 

southwesterly Indian monsoon winds and orographic lifting (Atlas 1984; Almazroui 2011; 

Viswanadhapalli et al. 2016). The present study focuses on extreme precipitation events over the 

AP during the cool season, which are often associated with mesoscale convective systems 
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(MCSs) (Dasari et al. 2017; de Vries 2018). In general, MCSs occurring over land produce large 

areas of heavy precipitation (covering 100 km or more) and strong winds (e.g., Houze 1993; 

Schumacher and Rasmussen 2020). The driving cool-season synoptic patterns that favor MCS 

occurrence over the AP are detailed in Section 2.  

Our objective is to improve the accuracy of retrospective sub-seasonal forecasts of 

extreme precipitation in the AP. The time period of sub-seasonal forecasts falls between those of 

medium-range numerical weather predictions (one to two weeks) and seasonal forecasts (three to 

six months) (Vitart et al. 2017; Robertson et al. 2020). Therefore, the sub-seasonal forecast 

window lies between two weeks and less than two months (Vitart et al. 2017). Within this 

window, the three- and four-week lead time forecasts are most important. Reliable sub-seasonal 

forecasts are needed for planning and management decisions in multiple sectors, including 

agriculture, energy, water resources, and emergency preparedness (e.g., Mariotti et al. 2020; 

Vitart and Robertson 2015; Vitart et al. 2017; Vitart and Robertson 2018). Particularly on the 

AP, improved sub-seasonal forecasts of extreme precipitation events would mitigate physical 

damage and loss of life from flash flooding, conferring significant socioeconomic benefits. 

Forecasting within this time scale has been challenging (e.g., Collier and Zhang 2007; Becker 

2017), because the forecast lead time is sufficiently long to lose much of the memory of the 

atmospheric initial conditions, yet too short to be influenced by variability of the ocean boundary 

conditions (Vitart et al. 2017; Liang and Lin 2018).  

Sub-seasonal predictability has been well evaluated in the context of existing forecast 

systems throughout the world with relatively coarse spatial resolutions (> 0.5°), as compared to 

convective-permitting short-term numerical weather prediction forecasts. Within Asia, these 

modeling systems have shown value in the sub-seasonal prediction of summer monsoon 
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precipitation (Jie et al. 2018), extreme precipitation in Sri Lanka (Vuillaume et al. 2018), and 

temperature and precipitation in East Asia (Liang and Lin 2018), especially during periods of 

‘forecast opportunity’ related to modes of climate variability (Mariotti et al. 2020; Merryfield et 

al. 2020). These modes include the boreal summer intra-seasonal oscillation, the Madden Julian 

Oscillation, and the El Niño Southern Oscillation.  

The present study investigates whether there is value added by convective-permitting 

modeling at the sub-seasonal forecast timescale in a target region where the forecast is realized, 

in this case the AP. The grid spacing of convective-permitting models (CPMs) is nominally less 

than 4 km and the precipitation processes are explicitly represented without convective 

parameterization (e.g., Prein et al. 2015). CPMs have been widely applied in weather forecasting 

(e.g., Clark et al. 2016) and climate projection (e.g., Prein et al. 2015, Kendon et al. 2017). 

Included in the CPM literature are some studies simulating extreme weather events over the AP 

(e.g., Deng et al. 2015; Dasari et al. 2017; Luong et al. 2020b) and incorporation of data 

assimilation (Viswanadhapalli et al. 2016) to improve short-range forecasts, which inform the 

methodological approaches in this work. With respect to convective precipitation, CPMs add 

substantial value in determining the amount, timing, and storm structure of convective 

precipitation (e.g., Prein et al. 2015; Ban et al. 2014; Kendon et al. 2012).  

It is technically possible to dynamically downscale long-term reforecast products at S2S 

timescales to investigate potential value added in forecast skill.  Such data are currently available 

from the S2S Project (Vitart et al. 2017) and the Sub-seasonal Experiment (Sub-X) project 

(Pegion et al. 2019). The value added by dynamical downscaling of global models for 

retrospective seasonal forecasts has been investigated through coordinated community efforts. 

An example of seasonal forecasting on meso-β grid scales (tens of km) is the Multi-RCM 
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Ensemble Downscaling of Multi-GCM Seasonal Forecasts (MRED) experiment (Shukla and 

Lettenmaier 2013; De Haan 2015). MRED and similar works have shown that regional models 

can improve the forecast skill where there is already some pre-existing skill in the global model, 

add the greatest value during periods of ‘forecast opportunity’ when large-scale climate 

variability projects strongly on the regional precipitation, and better represent mesoscale 

meteorological processes (e.g., Shukla and Lettenmaier 2013; De Haan 2015; Castro et al. 2012).  

In this study, we apply CPM to extreme precipitation forecasting in the AP at sub-

seasonal time scales, which has rarely been attempted previously. This work is important not 

only for improving the capability of extreme weather forecasting and enhancing the 

environmental sustainability of the AP (Hoteit et al. 2021), but for establishing a replicable 

methodological approach for sub-seasonal CPM in other parts of the world. The goals of this 

study are threefold: 1) to demonstrate the potential improvement of extreme cool-season 

precipitation forecasting of a CPM over the AP with one-, two- and three-week lead times, 2) to 

identify the regions and periods of forecast opportunity, and 3) to investigate the predictability of 

synoptic-scale forcing at these sub-seasonal time scales. The remainder of this manuscript is 

structured as follows. Section 2 discusses the synoptic patterns associated with extreme 

convective precipitation events over the AP during the cool season. Section 3 describes the data 

and methods of the analysis performed on 21 extreme precipitation events. Section 4 presents the 

results, emphasizing the value added by the CPM during periods of forecast opportunity. Section 

5 and 6 conclude the work with a general discussion and a summary of the main conclusions, 

respectively.  
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2. SYNOPTIC ENVIRONMENTS OF EXTREME COOL-SEASON 
PRECIPITATION IN ARABIAN PENINSULA 

 
Prior studies of convective precipitation events have described the favorable conditions 

for MCSs over the AP (e.g., Alkhalaf and Basset 2013; Haggag and El-Badry 2013; de Vries 

2016, 2018; Luong et al. 2020a). On the synoptic scale (Fig. 1), a mid-latitude middle-to-upper 

level (850–500 hPa) trough in the eastern Mediterranean interacts with a Red Sea trough (RST) 

near the surface. This interaction is influenced by a stationary lower-to-middle level Arabian 

anticyclone (AA) centered over the southeastern AP and the Arabian Sea. As the mid-latitude 

trough intrudes into the subtropics and propagates eastward, it amplifies the RST, deflecting the 

moisture flow from the Red Sea and the Arabian Sea toward the AP (de Vries et al. 2018). The 

interaction between the mid-latitude trough and the AA at 850 to 700 hPa creates a Red Sea 

convergence zone (RSCZ; Pedgley 1966; Langodan et al. 2017; Viswanadhapalli et al. 2017) at 

approximately 18°N. It also drives intense winds between the coastal mountain gaps along the 

African coast (Longadan et al. 2017), mostly prominently the Tokar jet (Longadan et al. 2014; 

Davis et al. 2015). These cross-Red Sea winds gather the moisture from the sea surface and 

transport it eastward (Hoteit et al. 2021). The low-level moisture transport combined with 

orographic lift and diabatic heating over the mountain ranges in the southwestern AP increases 

the atmospheric instability, facilitating convective organization and extreme precipitation (de 

Vries et al. 2016; Dasari et al. 2017). 

Recently, the dynamic and thermodynamic aspects of MCS-driven extreme precipitation 

over the AP have also been reported. De Vries et al. (2013) demonstrated that extreme 

precipitation events over the western AP are generated by an active RST (ARST). During the 

ARST, the RST extends northward and the AA intensifies, increasing the southerly advection of 

warm moist air and enhancing the tropospheric instability, especially over the southwestern AP. 
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The large amount of moisture falls as heavy precipitation. The severity of this precipitation is 

closely related to the potential vorticity (PV) intrusion toward the subtropics and the integrated 

water vapor transport (IVT; de Vries et al., 2018). As the stratospheric PV intrudes further south 

and the IVT magnitude increases, the precipitation becomes more extreme.  

Extreme cool-season precipitation events, especially around the city of Jeddah, are also 

related to the synoptic-scale weather pattern over the AP. Luong et al. (2020a) classified these 

events into three synoptic-scale circulation regimes or clusters, namely, extratropical, 

transitional, and tropical regimes (Fig. 1). The cluster classification was based on self-organized 

map (SOM) analysis (hereafter referred to as Luong–SOM analysis) of 18 daily-averaged 

atmospheric variables derived from the ECMWF reanalysis interim (ERA-Interim), which was 

conducted over the whole AP (10–50° N, 0–70° E) during November to April of each year from 

1979 to 2018. The variables included the zonal and meridional winds, geopotential heights, and 

PV at the 330 K potential temperature level. Luong et al. (2020a) associated the most intense and 

organized precipitation events with the RST and AA combined with the equatorward deep 

intrusion of the upper level (850 hPa) trough (Figure 1a). The precipitation over Jeddah generally 

reduces when the synoptic pattern is strongly influenced by tropical air in the RST (Figure 1c). 

The authors also hypothesized that the precipitation driven by the extratropical regime is more 

predictable than that driven by the tropical synoptic regime. 

Dasari et al. (2018) suggested that synoptic-scale patterns are also influenced by the El 

Niño Southern Oscillation. During El Niño years, the RST extends farther north, shifting the 

RSCZ northward to around 20.5°N. This shift significantly increases the total winter 

precipitation in the northern Red Sea region. During La Niña years, the RST appears over the 

southern Red Sea, shifting the RSCZ southward to around 18.5°N. Our study adopts the Luong 
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et al. (2020a) severe weather event classification to assess the forecast opportunity of our 

extreme event sub-seasonal forecast simulations. 

 
 

3. DATA AND METHODS 
 
3.1.  WRF DOMAIN AND CONFIGURATION 
 

Our retrospective sub-seasonal simulations applied the Advanced Research version of the 

Weather Research and Forecasting (WRF-ARW; Skamarock et al. 2008; Powers et al. 2019) 

model version 3.8. Our model configuration implemented two two-way nested domains with 

horizontal resolutions of 20 km (d01) and 4 km (d02), each with 53 vertical levels in eta 

coordinates (see Figure 2). As the inner domain has a convective-permitting horizontal grid 

spacing, it explicitly resolves convection at the meso-γ scale (1–4 km) without a convective 

parameterization scheme. This convective-permitting configuration has been implemented for 

the AP region in previous studies. For example, Viswanadhapalli et al. (2016) adopted the Kain–

Fritsch scheme, but our outer domain employed the Grell–Freitas cumulus parameterization 

scheme (Grell et al. 2013) following Gao et al. (2017) that demonstrated the Grell–Freitas   

scheme’s lower sensitivity to the model resolution than that of Kain–Fritsch scheme. Other 

physical models applied to both domains are shown in Table 1. 

We note that other studies (e.g., Carrillo et al. 2017) applied the sea surface temperature 

(SST) bias correction in a dynamically-downscaled climate forecast reanalysis. They chose this 

correction because the SST influences the convective organization. As our study investigates the 

potential of sub-seasonal forecasts, we decided not to apply the SST bias correction yet.  

 
3.2.  ECMWF S2S FORECAST DATASETS 
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As the lateral boundary conditions and initial conditions of the simulations, we used the 

ECMWF S2S reforecast datasets (Vitart et al. 2017). The datasets (hereafter referred to as raw 

ECMWF) range from 0 to 46 days with a spatial resolution of 0.25° × 0.25° on days 0 to 10 and 

0.5° × 0.5° after day 10. There are 91 vertical levels. The reforecast datasets are generated twice 

weekly (Mondays and Thursdays) with 11 ensemble members in each initialization. Using the 

actual forecast model, the reforecasts are run for the past several years on the same calendar day 

as the forecast. These reforecasts are used for calibrating the actual forecasts (Vitart et al. 2017). 

The reforecast years of the datasets now cover the past 20 years. The S2S reforecast database can 

be accessed online at http://apps.ecmwf.int/datasets/data/s2s; http://s2s.ecmwf.int. 

 
3.3.  SIMULATIONS AND CLASSIFICATION OF EXTREME EVENTS OVER THE AP 
 

Among the winter convective events from 1999 to 2018, we selected the top 21 extreme 

precipitation events with recorded rain gauge measurements over 20 mm day-1 near Jeddah (see 

Table 2). All events were verified against the spatial precipitation distribution obtained from the 

Global Precipitation Measurement daily precipitation product (GPM_3IMERGDF; Huffman 

2018). The WRF S2S simulations of the individual convective extreme events were initialized at 

approximate lead times of three weeks (W3), two weeks (W2), and one week (W1) using all 11 

ensemble members. The exact initialization date was based on the raw ECMWF forcing run on 

Mondays. For example, the simulation of the 3 November 2018 event was initiated at 0000 UTC 

on 14 October 2018 for W3, 21 October 2018 for W2, and 28 October 2018 for W1. The W3, 

W2, and W1 simulations were integrated over 21, 14, and 7 days respectively and outputs were 

generated every three hours. All simulations were ended several days after the event, giving a ± 

3-day accumulated precipitation centered on the day of the event for statistical verification 

purposes of W2 and W3. 
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To classify the events, we evaluated the error of each event from each cluster node 

produced by the Luong–SOM analysis. The event was assigned to the cluster with the lowest 

error (Hewitson and Crane 2002). Ten and eight events were classified as dominantly influenced 

by extratropical and tropical drivers, respectively, and three events were transitional. Table 2 

shows the classification of each event. As the transitional precipitation events were very few, 

they were excluded from our analysis and discussion. 

 
3.4.  GROUND REFERENCE 
 

To evaluate the predictability of the precipitation forecasts in each synoptic classification, 

we required a precipitation ground reference. For this purpose, we used the precipitation 

products from the Global Precipitation Measurement Final Precipitation L3 v06 

(GPM_3IMERGHHV06; hereafter referred to as GPMF; Huffman 2018) and the King Abdullah 

University Science and Technology – Reanalysis (hereafter referred to as KAUST-RA; Dasari et 

al. 2019). In observation-limited regions such as the AP, the observation datasets require 

sufficient spatial and temporal availability and must reasonably represent the ground-based 

measurements. Being a convection-permitting reanalysis dataset, KAUST-RA is a viable 

alternative option for regions lacking a sub-daily precipitation product based on rain gauges 

and/or radar-derived precipitation. The AP region fits this category.  

Other selection criteria for the ground reference were the bias and root mean square error 

(RMSE) of the multiple-satellite products and the KAUST-RA relative to rain gauge 

measurements. The satellite products included the GPMF, the National Oceanic and 

Atmospheric Administration Climate Prediction Center Morphing technique (CMORPH; Joyce 

et al. 2004), the Precipitation Estimation from Remotely Sensed Information using Artificial 

Neural Networks (PERSIANN; Sorooshian et al. 2002), and the Global Satellite Mapping of 
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Precipitation (GSMaP; Kubota et al. 2007). Details of these satellite products are given in Table 

3. The biases and RMSEs were computed relative to the daily precipitation dataset collected 

from weather stations across Saudi Arabia by the Presidency of Meteorology and Environment 

between January of 2000 and December of 2012. From the stations with over 95% completion of 

their precipitation data, we extracted the cool-season precipitation events that accumulated 5 mm 

or more precipitation. Only 43 out of 208 stations met the data-completion threshold, and among 

the 12 cool seasons, 100 precipitation days met the 5-mm accumulated precipitation threshold. 

We computed the bias and RMSE at each station and averaged them across the 43 stations. The 

GPMF precipitation product, with the lowest bias and the second lowest RMSE (Figure 3), was 

selected along with the KAUST-RA precipitation products as the ground reference for this study. 

 
3.5.  ANALYSIS METHODS 
 
3.5.1. AVERAGE ACCUMULATED PRECIPITATION 
 

To evaluate how effectively the convective-permitting-WRF (CP-WRF) predicts the 

convective extremes over the AP at sub-seasonal time scales, we first examined the accumulated 

precipitation. The model-generated precipitation was evaluated at ±1 days of the event (three 

days of accumulated precipitation) on weather forecasting time scale W1, and at ±3 days of the 

event (seven days of accumulated precipitation) on W2 and W3. The ensemble mean of each 

simulated event and the average precipitation during events associated with the extratropical and 

tropical regimes were then calculated. This procedure was repeated for the raw ECMWF 

precipitation. The precipitation forecasts of the extratropical and tropical events were compared 

by subtracting the average precipitation of the raw ECMWF from that of the CP-WRF. The CP-

WRF average precipitation biases relative to the GPMF and KAUST-RA precipitations were also 
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calculated. The differences and biases indicate the quality of the CP-WRF relative to the coarser-

resolution raw ECMWF and observations.  

 
3.5.2. CATEGORICAL STATISTICS 
 

As the model simulations were evaluated at every grid point in the domain, the spatial 

resolution of the modeled precipitation field was up-scaled from 4 km to 5 km (the resolution of 

KAUST-RA) and 0.1° (the resolution of GPMF) using the remapbil function available on the 

Climatic Data Operators built by the Max Planck Institute für Meteorologie 

(https://code.mpimet.mpg.de/projects/cdo/). The raw ECMWF reforecast dataset was re-gridded 

to the resolutions of GPMF and KAUST-RA using the same function. Following Moker et al. 

(2018) and Risanto et al. (2021), the precipitation forecast skill was measured with three 

categorical statistics: the critical success index (CSI), probability of detection (POD), and false 

alarm ratio (FAR), as described in Wilks (2011). These verification metrics are intuitive because 

they are based on a 2 × 2 forecast contingency table with four entries: hits, misses, false alarms, 

and correct negatives. The CSI, POD, and FAR verification metric are respectively calculated as 

 
=;I =

ℎKLM
ℎKLM + RKMMPM + fNOMP	NONQRM

 (12) 

 

 
!ET =
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 (13) 
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 (14) 

 

We defined a precipitation event at a grid point with 20 mm of accumulated precipitation 

in three days for W1 forecasts and seven days for W2 and W3 forecasts. Considering the location 

uncertainty at these sub-seasonal time scales, we applied a neighborhood verification technique 
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that considers the modeled events in ± 4 grid points, covering approximately 90	km	 × 90	km, 

approximately twice the raw ECMWF grid spacing. The precipitation verification in the CPM 

simulations was then approximately within the effective resolution of the raw ECMWF data, 

alleviating the double-penalty problem of missing precipitations in correct locations and getting 

precipitations in wrong locations. A precipitation event is included in the contingency table if it 

meets the precipitation threshold and falls into one of the 81 grid points. The CSI, POD, and 

FAR values range from 0 to 1. As the CSI and POD values approach 1 (0), the precipitation 

forecast skills increase (decrease). In contrast, as the FAR values approach 1 (0), the 

precipitation forecast skills decrease (increase). Here we calculated 1 - FAR to give consistent 

interpretations of the CSI, POD, and FAR.  

 To assess the modeled precipitation forecast skill, we subtracted the CSI, POD, and FAR 

values of each grid point in the raw ECMWF precipitation from those in the CP-WRF 

precipitation. At grid points with positive values, the CP-WRF demonstrated higher precipitation 

forecasting skill than the raw ECMWF. The statistical field significance was also computed. At 

each grid point, a two-tailed local significance test was established via a Monte Carlo resampling 

method with 1000 random permutations (6 < 0.1). The statistical field significance was 

computed with 1000 random resampling of the maps, as described in Livezey and Chen (1983). 

The critical value of the statistical field significance was set to 90%, the 900th value of the 

histogram. That is, only grid points containing at least 900 unique values were used. We 

emphasize that the methods in all of these analyses were previously demonstrated in convective-

permitting NWP simulations in northwest Mexico (Moker et al. 2018, Risanto et al. 2021).  

We also computed the frequency distribution of the domain-wide POD as a percentage of 

total number of grid points in the domains for the extratropical and tropical events at W1, W2, 
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and W3. To calculate the statistical significance of the distribution, we generated 1000 random 

permutations of the POD distributions of the raw ECMWF and CP-WRF using the Monte Carlo 

technique. The statistical significance was set to 90%. Only the PODs relative to the GPMF are 

shown here, as the PODs relative to KAUST-RA are identical. The purpose is to show the 

forecast skill of the CP-WRF.  

 
3.5.3. RELATIVE OPERATING CHARACTERISITIC 
 

In addition to the previously mentioned categorical indices (CSI, POD and FAR), we 

constructed the relative (or receiver) operating characteristic (ROC; Mason and Graham 2002) for 

determining the probability of precipitation forecasts at the sub-seasonal time scale. Like the other 

standard probabilistic verification metrics, the ROC curve is a common verification index of 

operational forecasts and is suitable for ensemble forecast systems (Coelho et al. 2019). The 

methodology was first developed to classify the accuracy of radar signals during World War II, 

and its use has expanded to clinical diagnostic testing and screening (Zou et al. 2007). In forecast 

verification, the ROC curve classifies the forecasts into hits or misses based on the observations at 

a pre-determined threshold and is often plotted as POD versus FAR in Cartesian coordinates. Being 

conditioned by the observations, the ROC curve in our case can be analyzed only during convective 

events. When the curve starts from the bottom left corner, ends at the top right corner, and bends 

toward the top left corner, the skill of the forecasting system is high. When the curve is below the 

diagonal line joining the bottom left to the top right corner (the ROC curve of a random classifier), 

the forecasting system has no forecasting skill. The forecast probability is quantified by the area 

under the curve (AUC), which ranges from 0 (no forecasting skill) to 1 (perfect forecast ability). 

Any AUC below 0.5 means that the classifier performance is worse than random. 
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ROC curves are also suitable for forecasting evaluations on sub-seasonal timescales. 

ROC curve analyses were performed by Hudson et al. (2011), who evaluated the potential of 

sub-seasonal forecasting of extreme temperatures in Australia in a T47 (3.7° × 3.7°) horizontal 

resolution model, and by Coelho et al. (2018), who validated sub-seasonal precipitation forecasts 

in South America, which implemented both the real-time forecast and reforecast ECMWF. Here, 

we computed the ROC curves of both the CP-WRF and raw ECMWF precipitation events. 

Similarly to the aforementioned categorical statistics, we calculated the hit and false alarm rates 

with ± 4-gridpoint neighborhood verification and a 20-mm accumulated precipitation in 3 days 

for W1 and 7 days for W2 and W3 for each ensemble member. The ROC curve of each event 

was obtained by averaging the values across the ensemble members.  

Following previous studies (e.g., Hafez and Almazroui, 2016; Christidis and Stott, 2015), 

which reported a relationship between geopotential heights and extreme weather and climate, we 

evaluated the raw ECMWF 500- and 850-hPa geopotential heights relative to those of ERA-

Interim using the Pearson’s correlation coefficient. Here, we applied the synoptic classification 

of Luong et al. (2020a). The spatial resolution of the ERA-Interim dataset is approximately 80 

km on 60 vertical levels from the surface to 0.1 hPa (Berrisford et al. 2011). This evaluation 

quantifies the predictability of the sub-seasonal forecast based on the synoptic-scale patterns. At 

each grid point in the domain, the raw ECMWF geopotential height daily mean of the events was 

correlated with that of ERA-Interim. As the raw ECMWF reforecast is an 11-member ensemble 

dataset, the correlation relative to ERA-Interim was calculated for every ensemble member and 

averaged across the 11 ensemble members. The raw ECMWF geopotential height was 

qualitatively evaluated by plotting its daily mean and the synoptic-scale pattern determined in the 

Luong–SOM analysis.  
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4. RESULTS 
 
4.1.  PRECIPITATION DIFFERENCE AND BIASES 
 

When simulating the CP-WRF events, the average total precipitation in all synoptic-

related events exceeded the raw ECMWF precipitation. Among the extratropical events (Figure 

4), the total precipitation notably increased at lead time W1 over the west coast of the AP, just 

north of Jeddah and the Zagros Mountains east of the Persian Gulf (also known as the Arabian 

Gulf) (see the difference plot in Figure 4g). The precipitation was notably increased over the 

central AP where the raw ECMWF generates drier conditions. At W2, the CP-WRF precipitation 

was again higher over Jeddah, the central Red Sea, and the Zagros Mountains than the raw 

ECMWF precipitation (Figure 4b and e) as shown in the difference plots (Figure 4h). However, 

the CP-WRF produced drier conditions over the central AP than the raw ECMWF. Similarly to 

W2, the CP-WRF at W3 obtained higher total precipitation over the central Red Sea, near 

Jeddah, and the Zagros Mountains than the raw ECMWF (Figure 4c, f, and i). Over the Red Sea, 

where the raw ECMWF barely generated precipitation at W3, the precipitation increase was 

notable.  

Among the tropical events (Figure 5), the average total precipitation of the CP-WRF at 

W1 was also higher than the raw ECMWF precipitation, especially over the central AP (see 

difference plot in Figure 5g). Interestingly the CP-WRF produced two separate precipitation 

maxima: one southwest of Jeddah, the other southeast of Jeddah. The city of Jeddah was drier in 

the CP-WRF model than in the raw ECMWF. At W2 in the raw ECMWF, the precipitation 

exceeded 8 mm over a large area of the central Red Sea (Figure 5e), whereas in the CP-WRF, the 

precipitation was concentrated over the high terrain southeast of Jeddah to the central AP and the 
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east coast of Sudan, exceeding 18 mm precipitation in total (Figure 5b). In contrast, the central 

Red Sea was almost dry. Similar patterns were found at W3, but the precipitation signatures were 

weaker than at W2 (Figure 5c). These high average precipitations at W1, W2, and W3 in the CP-

WRF were likely attributable to convective organization at the meso-γ scale, particularly over the 

complex terrain southeast of Jeddah, which could be resolved in this model but not in the raw 

ECMWF.  

Figure 6 shows the average accumulated precipitations of GPMF and KAUST-RA and 

the precipitation biases of the CP-WRF at W1, W2, and W3 in the extratropical events. The 

GPMF clearly gave more precipitation (> 20 mm) in the central AP than the KAUST-RA (Figure 

6a, b, c, g, h, i). The CP-WRF precipitation exhibited a dry bias (indicated by the blue shading) 

relative to the GPMF precipitation at W1, W2, and W3 (Figure 6d to f) in the north of Jeddah, 

the central AP, and the Zagros Mountains. Conversely, it showed a wet bias (< 15 mm) 

(indicated by the red shading) in the central Red Sea at W2 and W3. Compared to the KAUST-

RA precipitation, the CP-WRF consistently exhibited a dry bias over Jeddah and the Zagros 

Mountains at all lead times (Figure 6j to l). 

Figure 7 shows the observed precipitation and the CP-WRF biases during the tropical 

events. The KAUST-RA generated more precipitation (> 18 mm) than the GPMF, especially 

over the central AP (Figure 7a, b, c, g, h, i). Compared to the GPMF, the CP-WRF exhibited a 

dry bias over Jeddah and the central AP that increased from W1 to W3 (Figure 7d to f). 

Interestingly, wet biases were notable over the east coast of Sudan and the southwestern tip of 

the AP (Figure 7d to f). The dry bias of the CP-WRF was more pronounced relative to the 

KAUST-RA precipitation than relative to the GPMF, especially over the central AP (Figure 7k, 
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l). This result was expected, because the KAUST-RA generated more precipitation than the 

GPMF. 

In summary, the CP-WRF generated more precipitation in the extratropical events than 

the raw ECMWF at W1, W2, and W3. This is shown in the differences, which were dominated 

by positive values over the central Red Sea, the central AP, and the Zagros Mountains. In the 

tropical events, the CP-WRF generated notable precipitation only in the southwest of Jeddah, the 

east coast of Sudan, and the central AP at W1. The raw ECMWF generated more precipitation 

over the central Red Sea at W2 and W3 than the CP-WRF. In general, the CP-WRF precipitation 

was lower than the GPMF and KAUST-RA precipitations, but higher than the raw ECMWF 

precipitation. 

 
4.2.  PRECIPITATION CATEGORICAL STATISTICS 
 

Figure 8 displays the differences between the CSI, POD, and FAR of the CP-WRF and 

raw ECMWF precipitations relative to the GPMF precipitation for the extratropical events. 

Consistent with the average CP-WRF precipitation, the precipitation forecast skills were 

consistently higher in the CP-WRF than in the raw ECMWF when domain-averaging was 

applied, irrespective of the forecast timescale. The CSI and POD differences were also field-

significant (> 90%) from W1 to W3. At W1, the precipitation forecast skill was high (blue 

shading) over the entire Red Sea, the central AP, and the Zagros Mountains. At W2 and W3, the 

forecast skill was notably high over the central Red Sea including Jeddah and areas along the 

west coast of the AP, and also over the Zagros Mountains. The FAR results (here plotted as 1 – 

FAR) were consistent with the CSI and POD results but were not field-significant.  

Figure 9 displays the differences between the three verification metrics of the CP-WRF 

and raw ECMWF precipitations relative to the GPMF for the tropical events. These results 
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confirm the average CP-WRF precipitations during the tropical events in the previous 

subsection. At W1, the CP-WRF better forecasted the precipitation than the raw ECMWF (blue 

shading) over the central AP and a small part of the Red Sea, but underperformed around Jeddah 

and the central Red Sea (red shading). At W2, the forecast skill of the CP-WRF was higher only 

over the areas east of Jeddah, the central and northern AP, and the east coast of Sudan. Over this 

area, the raw ECMWF generally outperformed the CP-WRF, possibly because the CP-WRF 

inadequately resolves the precipitation over the central Red Sea. As mentioned earlier, the 

persistent SST might reduce the forecasting ability of the CP-WRF. Finally, at W3, the CP-WRF 

better forecasted the precipitation than the raw ECMWF in the central Red Sea, Jeddah, and the 

Zagros Mountains.  

 Similar results were obtained using KAUST-RA as the ground reference. Figure 10 

shows the CSI, POD, and FAR differences between the CP-WRF and raw ECMWF for the 

extratropical events. The CSI and POD differences were field-significant. At W1, the CP-WRF 

outperformed the raw ECMWF in the Red Sea, the central AP including the Jeddah area, and the 

Zagros Mountains. At W2 and W3, the enhanced precipitation forecast skill of the CP-WRF was 

notable in the central Red Sea, Jeddah, the west coast of AP, and the Zagros Mountains  

 For the tropical events (see Figure 11), the difference plots of the CP-WRF and raw 

ECMWF again indicate a higher precipitation forecast skill of the CP-WRF than of ECMWF, 

and field significance of the CSI and POD results. At W1, the CP-WRF outperformed the 

ECMWF over the area east of Jeddah and the central AP, and northwest of the Persian Gulf. At 

W2, the enhanced forecast skill was notable over east of Jeddah, some parts of the central and 

northern AP, and along the east coast of Sudan. In contrast, the forecast skill of CP-WRF was 
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reduced in the central Red Sea. At W3, the CP-WRF outperformed the ECMWF in the central 

Red Sea and the west coast of AP, including Jeddah.  

 Figures 12 and 13 show the frequency distributions of the POD relative to the GPMF for 

all week lead times in the extratropical and tropical events, respectively. In both sets of events 

and at all lead times, PODs above 0.8 appeared more frequently in the CP-WRF than in the raw 

ECMWF. At W2, the differences between CP-WRF and ECMWF were statistically significant 

(marked by yellow stars) only for PODs greater than 0.9, but at W1 and W3, they were 

statistically significant for PODs greater than 0.8. Among the tropical events (Figure 13), PODs 

greater than 0.3 appeared more frequently in the CP-WRF than in the raw ECMWF at W2 and 

W3. The same results were found in the frequency distributions of POD relative to KAUST-RA 

(not shown).  

 In summary, the CSI, POD, and FAR difference results were very similar for two 

different data sources of observed precipitation. Therefore, the value added by the CP-WRF is 

not a function of any particular observational precipitation product. The CP-WRF can better 

predict both extratropical and tropical precipitation events than the driving raw ECMWF model, 

up to three weeks ahead of the events. More importantly, the CP-WRF demonstrated higher 

forecast skill than the raw ECMWF around the area of Jeddah, the central Red Sea, and the high 

terrain in the west coast of AP, suggesting that the CP-WRF can improve the forecast of 

extratropical-driven extreme precipitation events. Moreover, these extreme precipitation events 

occurred at sub-seasonal time scales at the original raw ECMWF resolution, but the overall 

precipitation amounts were lower than the observed amounts (see subsection 3.1).  

 
4.3.  ROC CURVES AND AUC OF PRECIPITATION 
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A 20-mm precipitation threshold was applied to each event in the ROC analysis. Figure 14 

shows the ROC curves of the individual extratropical event relative to the GPMF precipitation for 

W1, W2, and W3. At W1, the raw ECMWF exhibited a high forecast skill in most of the events, 

but was outperformed by CP-WRF in five events (with AUC values > 0.8). The higher forecast 

skill of the CP-WRF is consistent with the verification metrics analyzed in the previous subsection. 

At W2, the AUCs of the CP-WRF exceeded 0.5 for nearly all events, again outperforming the raw 

ECMWF. Most importantly, the AUCs of more than 90% of the events at W3 were higher in the 

CP-WRF than in the raw ECMWF. Most of the AUCs in CP-WRF were slightly above 0.5. The 

AUCs below 0.5 in the CP-WRF (two events) were higher than their counterpart AUCs in the raw 

ECMWF.  

 Figure 15 shows the ROC curves of the individual tropical events for all lead times. 

Similarly to the extratropical events, the tropical events were well forecasted by the CP-WRF. At 

W1, the AUCs of all events were higher in CP-WRF than in the raw ECMWF, although the AUC 

of one ROC was lower than 0.5 in the CP-WRF model. At W2, the AUCs of the ROC curves of 

all events exceeded 0.5 in the CP-WRF, but were below 0.5 in the raw ECMWF. At W3, the CP-

WRF and raw ECMWF again yielded notably different ROC curves. The AUCs of the ROCs 

exceeded 0.5 for almost all events in the CP-WRF (for the two exceptions, the AUC was ~0.4). In 

contrasts, all events in the raw ECMWF yielded AUC values around 0.4.  

 Figures 16 and 17 show the ROC curves of the individual extratropical and tropical events, 

respectively, relative to the KAUST-RA precipitation for all lead times. Again, the precipitation 

prediction accuracy was higher in CP-WRF (AUC > 0.5) than in raw ECMWF at W1, W2, and 

W3. These results are consistent with the ROC curve analysis relative to the GPMF precipitation.  
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 The average differences between the AUCs of the CP-WRF and raw ECMWF analyses 

relative to the GPMF and KAUST-RA precipitation data are shown in Tables 4 and 5, respectively. 

All differences are positive, confirming the higher precipitation forecast skill of CP-WRF than of 

raw ECMWF at W1, W2, and W3 in both extratropical and tropical events. Although the 

differences were slightly higher for the tropical events than for the extratropical events, whether 

the tropical events are more predictable than the extratropical events should not be decided from 

this ROC curve analysis alone, because the number of samples was statistically constrained and 

the ROC curve analysis covers the whole domain rather than regional areas such as Jeddah and the 

central Red Sea.  

 In summary, the precipitation forecast skill of CP-WRF was high at W1, W2, and W3 for 

both extratropical and tropical events, whereas the driving raw ECMWF exhibited almost no skill 

at W2 and W3. At W1, the raw ECMWF showed some forecast skill for many events (i.e., AUC 

> 0.5), but was consistently outperformed by the CP-WRF (see Tables 4 and 5). Therefore, we 

concluded that the CP-WRF improves the predictability of extreme precipitation events (> 20 mm), 

up to three weeks ahead of the events on sub-seasonal forecast time scales. According to the 

categorical statistics (CSI, POD, and FAR) in subsection 3.2, the precipitation forecast skill over 

Jeddah and the central Red Sea is higher in the extratropical events than in the tropical events. 

Therefore, the extratropical events provide the forecast opportunity of CP-WRF at these sub-

seasonal time scales. 

 
4.4.  GEOPOTENTIAL HEIGHTS 
 

Luong et al. (2020a) attempted to identify the dominant synoptic patterns underlying 

convective extremes over the AP. They found that the interaction between the 500- and 850-hPa 

geopotential height fields closely influences the positioning of the RST and AA and convective 
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organization over the AP. Therefore, we assessed the predictability of the precipitation forecasts 

by evaluating the synoptic-scale geopotential heights in the ERA-Interim and raw ECMWF at 

different lead times of the forecasting. Figure 18 displays the Pearson’s correlation-coefficient 

contours (color-coded shading) between the ERA-Interim and the raw ECMWF 500-hPa 

geopotential heights, overlaid with the 500-hPa geopotential heights from the Luong–SOM 

analysis (solid lines) and the daily means of the 500-hPa geopotential heights extracted from the 

raw ECMWF (dashed lines). The correlation coefficients at W1, W2, and W3 were consistently 

higher for the extratropical events (Figure 18a, c, e) than for the tropical events, as shown by both 

the color-coded shading and the average correlation coefficients (Rs) across the domain. The 

difference was notable at W3 (Figure 18e and f) over Jeddah and along the west coast of the AP, 

where R > 0.7 for the extratropical events and R < 0.5 for the tropical events.  

The 500-hPa geopotential height contours were also consistent with the correlation 

coefficients. At W1 (Figure 18a), the raw ECMWF afforded extratropical 500-hPa geopotential 

contours that almost matched those of the Luong–SOM analysis, but its tropical 500-hPa 

geopotential contours (Figure 18b) notably differed from those of the Luong–SOM analysis. At 

W2 and W3, the differences between the contours of the tropical events became more pronounced 

because the trough over the east coast of Africa was not developed (Figure 18d, f). In contrast, the 

extratropical 500-hPa geopotential contours of the raw ECMWF almost matched those of the 

Luong–SOM analysis. The raw ECMWF did forecast the trough at W2 and W3, but at a weaker 

magnitude than that in the ERA-Interim.  

 Interestingly, the 850-hPa geopotential height contours presented higher correlations at W2 

and W3 in the tropical events than in the extratropical events (Figure 19c, d, e, f), whereas at W1, 

the correlation coefficients of both types of events were almost identical. The correlation-
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coefficient difference was large at W3 (0.05 for the extratropical events versus 0.32 for the tropical 

events, also evidenced by the shading). In the tropical events, the raw ECMWF at W2 and W3 

(Figure 19d, f) apparently predicted the RST that closely matched both the ERA-Interim and the 

Luong–SOM analysis. The AA was also predicted (albeit weakly, with R < 0.5) at W2 and W3. 

However, in the extratropical events, the raw ECMWF poorly predicted the dominant extratropical 

trough over the Red Sea at W2 and W3 (Figure 19c, e). Instead, it presented a weak signature of 

RST over the east coast of Sudan, probably because the SST is warmer in the raw ECMWF than 

in the ERA-Interim.  

 The correlation coefficients of the extratropical and tropical 500-hPa geopotential heights 

were compared by Student’s t-test. The differences at W1, W2, and W3 were statistically 

significant at the 6 < 0.05 significance level. However, when the correlation coefficients of the 

850-hPa geopotential heights results were analyzed by the same test, the differences were 

statistically significant only at W2 and W3. The non-significant difference at W1 was consistent 

with the similar correlation coefficients at W1.  

Whether extratropical events over the AP are more predictable at sub-seasonal time scales 

than tropical events is difficult to conclude from the above results. We hypothesize that the 850-

hPa geopotential height is more directly affected by the rapid changes of near-surface variables 

such as the SST, moisture fluxes, and near-surface temperature, than the 500-hPa geopotential 

heights. Therefore, at this height, the forecast contains more uncertainty at sub-seasonal time scales 

than at 500 hPa. Consequently, the predictability of the 850-hPa geopotential heights disagreed 

with those of the 500-hPa geopotential heights based on the event classification. An investigation 

with more extreme event samples is needed. However, previous studies (e.g., Hafez and 

Almazroui, 2016; Christidis and Stott, 2015) have heavily relied on the 500-hPa geopotential 
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heights for diagnosing extreme events because 500 hPa is the level of non-divergence and is 

commonly assumed in extreme weather and climate diagnostics. Therefore, considering only the 

predictability of the 500 hPa geopotential heights, the categorical statistics (CSI, POD, FAR), and 

the ROC analysis, we conclude that extreme precipitation at sub-seasonal time scales (W1 to W3) 

is more predictable in the extratropical synoptic regime than in the tropical synoptic regime.  

 
 
5. DISCUSSION 
 

Our results were constrained by the size of the ensemble members and the number of events. 

With only 11 members in the reforecast dataset, the statistical analyses are less robust than analyses 

with at least 30 members. Thirty is commonly considered as the threshold sample number of 

meaningful statistics (Wilks 2011). Increasing the ensemble member size is quite feasible because 

the ECMWF generates 51-member ensembles through twice-weekly real-time forecasts (Vitart et 

al. 2017). Increasing the ensemble members and number of events would certainly increase the 

statistical robustness of our findings, but risks exhausting the computing resources. In any event, 

our results demonstrate that the precipitation forecast skill at sub-seasonal time scales can be 

improved with CPM. Dynamic downscaling of the raw ECMWF clearly adds value to extreme 

precipitation forecasts by increasing the forecast skill and predictability to two- and three- week 

lead times, especially over the central Red Sea, Jeddah, and the west coast of AP. Increasing the 

ensemble member size is unlikely to change this essential conclusion.  

 As mentioned in subsection 3d, the rain gauge measurement dataset on which the satellite 

products are evaluated is limited both temporally (2000–2012) and spatially (43 sites sparsely 

distributed over the AP). This dataset includes only 11 events for our study, preventing a statistical 

analysis of the site-equivalent model precipitation relative to the rain gauge measurements. 
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Moreover, the GPMF precipitation product has a large RMSE and bias relative to the rain gauge 

measurements, which poses an accuracy problem. Many studies (e.g., Kim et al. 2017; Tan et al. 

2017; Zhang et al. 2018) have demonstrated that the GPMF better obtains the daily precipitation 

and its spatial distribution than the Tropical Rainfall Measuring Mission (TRMM) and other 

satellite precipitation products, but only for GPMF precipitation data collected after 2014. The 

dataset prior to 2014 is based on the TRMM Combined Ku Radar–Radiometer Algorithm (TRMM 

CORRA) product with fewer microwave channels and radar data than the GPM CORRA. The use 

of earlier GPMF data might lower the accuracy of the precipitation histogram and affect the mean 

rate (Huffman 2019). Therefore, our verification metrics and ROC curves might be slightly less 

accurate for the events prior to 2014 than for those after 2014. This problem reinforces the need 

for evaluating the model precipitation against the 5 km-resolution KAUST-RA product. As the 

results of the GPMF and KAUST-RA products were qualitatively the same, we are confident that 

the value added by our CPM is true, and is unaffected by the vagaries of the observed precipitation 

products used in the analysis.  

 In this work, the 20-mm threshold was considered as the extreme precipitation threshold 

for the AP, especially as desert soil does not easily soak up water (Almazroui 2011). We found 

that the forecast skill of CP-WRF over the central Red Sea and near Jeddah still outperformed that 

of raw ECMWF even when the precipitation thresholds are set to 30 and 35 mm (data not shown). 

Again, there is potential improvement for sub-seasonal precipitation forecasts by CPM over the 

AP with a three-week lead time. This improvement is possible for extratropical events. 

 SST plays an important modulating role on the weather in this region (Hoteit et al. 2021). 

The drier conditions in the central Red Sea at W2 and W3 during the tropical events were probably 

incurred by the specification of the modeled SST, which does not change significantly at sub-



 

 

184 

 

seasonal time scales. Low atmospheric instability is unfavorable for convective organization. The 

SST can influence extreme precipitation by up to 20% (Orth and Seneviratne 2017) and a cooler 

SST can suppress convective organization, especially in gulf-type water bodies (e.g., Mitchell et 

al. 2002). An SST bias correction might alleviate this problem, which affected the precipitation 

forecast over the Red Sea. The benefit of SST bias correction for convective organization has been 

demonstrated in a dynamically-downscaled climate forecast reanalysis (Carrillo et al. 2017). We 

note that the SST in our simulations was extracted from the ECMWF S2S reforecast dataset, and 

was not bias-corrected beyond the time scale of medium-range weather forecasts (15 days). Thus, 

during tropical events when the strong RST brings warm tropical air masses to the Red Sea region 

(Luong et al. 2020a), the CP-WRF probably adjusted the SST inadequately and suppressed the 

convective organization. A more dynamic treatment of the SST in the Red Sea should be 

investigated in future CPM simulation studies.  

 Finally, given its potential to improve extreme precipitation forecasts at sub-seasonal time 

scales, our dynamically-downscaled modeling approach can broaden the range of applications in 

the region. One potential application is MCS tracking based on the modeled cloud-top temperature 

and precipitation on sub-seasonal time scales. Feng et al. (2012) demonstrated MCS tracking with 

a precipitation-feature-based algorithm that inputs the satellite infrared-brightness temperature 

data and uses some pre-defined parameters. The same algorithm could be applied to MSC tracking 

over the AP using the CP-WRF model output at sub-seasonal time scales. The results would 

approximately identify the areas at highest risk of MCS-driven precipitation with one- to three-

week lead times, providing early warnings of extreme weather events within an object-based 

context. 
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6. SUMMARY AND CONCLUSIONS 
 

Interest in sub-seasonal weather prediction has grown in recent years because it can potentially 

provide early extreme weather warnings beyond the weather forecast timescale. Ultimately, we 

hope to improve the preparedness capability of detecting extreme weather events over the AP, 

where occasional heavy precipitation in the cool season causes substantial loss of life and damage 

to infrastructure. Applying CPM, we here demonstrated that sub-seasonal forecasts of extreme 

precipitation over the AP can be potentially improved during the cool season (November–March). 

We identified the regions and periods of forecast opportunity and investigated the predictability of 

synoptic-scale forcing at sub-seasonal time scales.  

Using the ECMWF S2S reforecast dataset as the lateral boundary condition of the CPM, 

we simulated 10 extreme precipitation events associated with an extratropical synoptic regime and 

eight extreme precipitation events associated with a tropical synoptic regime in Jeddah from 1999 

to 2018. The results of the extratropical events were evaluated relative to the GPMF and KAUST-

RA precipitation products based on three categorical statistics: CSI, POD, and FAR. The CP-WRF 

exhibited a high precipitation forecast skill at lead time W1 over the Red Sea, Jeddah, the central 

AP, and the Persian Gulf. At W2 and W3, the high forecast skill was maintained mainly around 

Jeddah, the central Red Sea, and along the west coast of the AP. The CSI, POD, and some of the 

FAR results were field-significant. For the tropical events, the precipitation forecast skill of CP-

WRF was low over the Jeddah area and the central Red Sea, but high over the central AP at W1. 

The precipitation forecast skill over this area remained low at W2, but was high in the central and 

northern AP. At W3, the forecast skill of CP-WRF was high near Jeddah and the central Red Sea.  

This high forecast skill of the CP-WRF was consistently reflected in the ROC curve 

analysis. At W1, the ROC curves of the extratropical and tropical events obtained by CP-WRF 



 

 

186 

 

(unlike those of the raw ECMWF) were above the no-skill diagonal (AUC = 0.5) at W1, with AUC 

values greater than 0.59. At W2 and W3, the forecast improvement of the CP-WRF was also 

notable. The ROC curves of more than 50% of the events simulated in the CP-WRF were above 

the no-skill diagonal. The average differences, obtained by subtracting the AUC of the raw 

ECMWF from the AUC of the CP-WRF, were all positive. Clearly, the CP-WRF can potentially 

improve the forecasting of extreme precipitation events associated with both extratropical and 

tropical synoptic regimes over Jeddah and the central Red Sea during the cool season, with lead 

times up to three weeks. 

The correlation coefficients between the raw ECMWF and ERA-I at the 500-hPa 

geopotential heights were higher for the extratropical events than for the tropical events at W1, 

W2, and W3. Over Jeddah and the west coast of AP, the correlation coefficients were also higher 

for the extratropical than for the tropical events at W3. Moreover, the 500-hPa geopotential 

contours of the raw ECMWF more closely matched those of the ERA-Interim for the extratropical 

events than the tropical events. In contrast, the same analysis on the 850-hPa geopotential heights 

showed higher correlation coefficients at W2 and W3 for the tropical events than for the 

extratropical events. At W3, the correlations were much lower (< 0.1) in the extratropical events 

than in the tropical events. Considering the high uncertainty in the 850-hPa geopotential height 

forecasts at sub-seasonal time scales and the analysis results of the categorical statistics and ROC, 

we concluded that the extreme precipitation events associated with the extratropical synoptic 

regime are more predictable than those associated with the tropical synoptic regime at sub-seasonal 

time scales.  

 Although this study was constrained by the low number of events and ensemble size, it 

demonstrates the potential improvement in forecasting extreme cool-season precipitation over the 
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AP at sub-seasonal time scales. If this potential is realized, we could establish a forecast system 

for extreme weather warnings beyond the weather forecast timescales over the AP. Moreover, this 

S2S downscaling technique is expected to be applicable in other parts of the world, especially 

regions with similar climatic characteristics to the AP such as Chile, the southwest United States, 

and northwestern Mexico. It should also be useful in regions subjected to increasing frequency of 

extreme precipitation events driven by climate change. Issuing extreme weather warning with 

three- to four-week lead times could prevent casualties and socioeconomic loss.  

A long-term dynamically-downscaled CPM reforecast is imminent. We will generate a 20-

year database of sub-seasonal reforecasts from 1999 to 2020 at the same convective-permitting 

resolution. This database will include more cool-season precipitation events than the present 

dataset, and an additional four-week lead time for event forecasting. Increasing the number of 

precipitation events will improve the sample size in our statistical analyses. We expect to more 

robustly demonstrate the potential improvement of sub-seasonal forecasts, extending the lead time 

to four weeks, in a future analysis.  
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TABLES 
 

TABLE 15. List of the physical schemes used in the WRF-ARW configuration. 

Category Scheme 

Microphysics Thompson (Thompson et al. 2008) 

Longwave radiation Rapid Radiative Transfer Model GCM (Iacono et al. 2008) 

Shortwave radiation RRTMG (Iacono et al. 2008) 

Surface layer Melor-Yamada Nakanishi and Niino (Nakanishi and Niino 

2006) 

Land surface unified Noah (Tewari et al. 2004) 

Planetary boundary layer Melor-Yamada Nakanishi and Niino 3rd level TKE 

(Nakanishi and Niino 2006) 

Cumulus Parameterization (d01) Grell–Freitas (Grell et al. 2013) 

 

 

TABLE 16. List of extreme precipitation events (cases) and dates of the simulation initiation at 1-, 2-, and 3-week lead 

times 

CASE WEEK1 WEEK2 WEEK3 node 

number 

Synoptic regime 

1999-01-08 1999-01-01 1998-12-24 1998-12-17 1 Extratropical 

2000-11-15 2000-11-12 2000-11-05 2000-10-29 3 Tropical 

2000-11-16 2000-11-12 2000-11-05 2000-10-29 3 Tropical 

2001-12-31 2001-12-24 2001-12-17 2001-12-10 1 Extratropical 
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2002-03-05 2002-02-26 2002-02-19 2002-02-12 3 Tropical 

2002-11-30 2002-11-26 2002-11-19 2002-11-12 2 Transition 

2004-12-03 2004-11-26 2004-11-19 2004-11-12 3 Tropical 

2005-01-22 2005-01-15 2005-01-08 2005-01-01 1 Extratropical 

2009-11-25 2009-11-19 2009-11-12 2009-11-05 1 Extratropical 

2009-12-22 2009-12-17 2009-12-10 2009-12-03 3 Tropical 

2010-12-30 2010-12-24 2010-12-17 2010-12-10 1 Extratropical 

2011-01-26 2011-01-18 2011-01-11 2011-01-04 1 Extratropical 

2015-03-25 2015-03-19 2015-03-12 2015-03-05 2 Transition 

2015-10-29 2015-10-22 2015-10-15 2015-10-08 3 Tropical 

2015-11-17 2015-11-12 2015-11-05 2015-10-29 1 Extratropical 

2015-11-25 2015-11-19 2015-11-12 2015-11-05 2 Transition 

2016-12-02 2016-11-26 2016-11-19 2016-11-12 1 Extratropical 

2017-02-15 2017-02-12 2017-02-05 2017-01-29 1 Extratropical 

2017-11-21 2017-11-19 2017-11-12 2017-11-05 1 Extratropical 

2018-10-28 2018-10-21 2018-10-14 2018-10-07 3 Tropical 

2018-11-03 2018-10-28 2018-10-21 2018-10-14 3 Tropical 

 

 

TABLE 17. List of satellite precipitation products and a model reanalysis product (KAUST-RA) 

Product Spatial 

resolution 

Temporal 

resolution 

References 

GPM Final v6 0.1° Half-hourly Huffman (2018) 
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CMORPH 8 km Half-hourly Joyce et al. (2004) 

PERSIANN 0.25° 1 hourly Sorooshian et al. (2002) 

GSMap 0.1° daily Kubota et al. (2007) 

KAUST-RA 5 km daily Dasari et al. (2019) 

 

 

TABLE 18. Difference between the average AUCs of the CP-WRF precipitation events and those of the raw ECMWF 

precipitation events relative to GPMF precipitation 

 W1 W2 W3 

Extratropical events 0.13 0.23 0.12 

Tropical events 0.16 0.26 0.21 

 

 

TABLE 19. Difference between the average AUCs of the CP-WRF precipitation events and those of the raw ECMWF 

precipitation events relative to KAUST-RA precipitation 

 W1 W2 W3 

Extratropical events 0.10 0.19 0.12 

Tropical events 0.17 0.23 0.20 
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FIGURES 
 
 

 

FIG. 16. (a–c) Schematics of the large-scale circulation on extreme rainfall days over Jeddah based on the self-organized map 

(SOM) analysis of clusters 1, 2, and 3 (C1–C3), respectively. Black, red, blue, and green contours represent the mean sea level 

pressure, geopotential heights at 850 hPa, geopotential heights at 500 hPa, and vertical integral water vapor flux, respectively. The 
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main generators of extreme events in each cluster are the Red Sea trough (RST), Arabian anticyclone (AA), upper-level trough 

(ULT), and moisture flux (MF). The blue dot indicates the city of Jeddah. Reprinted from Luong et al. (2020a). 

 

 

 

FIG. 17. Advanced Research version of the Weather Research and Forecasting (WRF-ARW) nested domain configuration. 

The inner domain (d02) is convective-permitting and allows convective organization at meso-γ-scale resolution without a cumulus 

parametrization scheme.  
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FIG. 18. (Upper) Root mean square errors (RMSEs) and (lower) biases of satellite-based precipitation measurements (GPMF, 

CMORPH, PERSIANN, GSMaP) and a reanalysis product (KAUST-RA) relative to 43 rain gauge precipitation measurements 

from January of 2000 to December of 2012. The calculation was performed only on days with daily total precipitation exceeding 

5 mm (100 days). The value at the bottom left in each panel indicates the average RMSE (upper panels) and bias (lower panels) 

across the observation sites.  
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FIG. 19. Average total precipitations in the extratropical events obtained by CP-WRF (a–c) and the raw ECMWF (d–f), and 

their difference (CP-WRF minus raw ECMWF) (g–i). At the 1-week lead time (W1), the precipitation was accumulated for 3 days 

centered on the day of the event. At the 2- and 3-week lead times (W2 and W3 respectively), the precipitation was accumulated for 

7 days centered on the day of the events. The star indicates the location of Jeddah. 
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FIG. 20. Similar to FIG. 4, but for the tropical events. Note that the CP-WRF does not adequately resolve the precipitation in 

the central Red Sea at W2 and W3.  
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FIG. 21. Mean accumulated precipitations of GPMF (a–c), CP-WRF precipitation bias relative to GPMF precipitation (d–f), 

mean accumulated precipitation total of KAUST-RA (g–i), and CP-WRF precipitation bias relative to KAUST-RA precipitation 

(j–l) for the extratropical events. At 1-week lead time (W1), the precipitation was accumulated for 3 days centered on the day of 

the event. At 2- and 3-week lead times (W2 and W3 respectively), the precipitation was accumulated for 7 days centered on the 

day of the events. The star indicates the location of Jeddah.  
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FIG. 22. Similar to FIG. 6, but for the tropical events. 
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FIG. 23. Differences in the CSI, POD, and FAR metrics (relative to the GPMF precipitation) between the CP-WRF and raw 

ECMWF total precipitations driven by extratropical events at W1, W2, and W3. The total precipitation threshold was set to 20 mm. 

The blue (red) shading indicates high (low) forecast skill of the CF-WRF. The field-significance values displayed in the lower left 

of each panel were computed using the Monte Carlo technique with 1000 random permutations. The contour lines are the 500-hPa 

geopotential heights (in one-tenth of a kilometer) of the extratropical events based on the Luong–SOM analysis. The star indicates 

the location of Jeddah.  
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FIG. 24. Similar to FIG. 8, but for the tropical events. The contour lines are the 500-hPa geopotential heights (in one-tenth of 

a kilometer) of the tropical events based on the Luong–SOM analysis. Note that the forecast skill of the CF-WRF was low over the 

central Red Sea and Jeddah at W1 and W2. 
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FIG. 25. Similar to FIG. 8 but the verification metrics were computed relative to the KAUST-RA precipitation and results are 

shown for the extratropical events. These results are consistent with those relative to the GPMF precipitation.  
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FIG. 26. Similar to FIG. 8, but the verification metrics were computed relative to the KAUST-RA precipitation and results 

are shown for the tropical events. These results are consistent with those relative to the GPMF precipitation. 
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FIG. 27. Frequency distributions of POD relative to the GPMF as percentages of total grid points in the domain at W1, W2, 

and W3 for the extratropical events. Bars marked with stars indicate that the frequency in that CP-WRF bin is significantly 

different from that of the raw ECMWF (> 90%) based on the Monte Carlo technique with 1000 random permutations. Note that 

the frequency of PODs > 0.8 is higher in the CP-WRF than in the raw ECMWF at all week lead times. 
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FIG. 28. Similar to FIG. 12, but for the tropical events. 
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FIG. 29. Relative Operating Characteristic (ROC) curves and Area under the Curve (AUC) of each extratropical event 

relative to the GPMF precipitation at W1, W2, and W3. Note the forecast skill improvement in the CP-WRF precipitation (right) 

compared to the raw ECMWF precipitation (left).  
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FIG. 30. Similar to FIG. 14, but for each tropical event. 
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FIG. 31. ROC curves and AUC for each extratropical event relative to the KAUST-RA precipitation at W1, W2, and W3. 

Note the forecast skill improvement in the CP-WRF precipitation (right) compared to the raw ECMWF precipitation (left).  

 



 

 

219 

 

 

FIG. 32. Similar to FIG.16, but for each tropical event. 
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FIG. 33. Pearson's correlation coefficient (shading) between the raw ECMWF and the ERA-I 500-hPa geopotential heights. 

The dashed and solid contours are the average daily means of the raw ECMWF 500-hPa geopotential heights and the 500-hPa 

geopotential heights of the Luong–SOM analysis, respectively. Both are resolved to one-tenth of a kilometer. The R values are 

the average correlations across the domain. The star in each panel indicates the location of Jeddah. 
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FIG. 34. Similar to Fig. 18 but for the 850-hPa geopotential heights. 
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APPENDIX D: A BRIEF NOTE ON ENSEMBLE KALMAN FILTER 
DATA ASSIMILATION 
 

 This appendix is intended for the reader who is interested in understanding the Kalman 

filtering. This note begins with the Least Square Error framework, which is the core of Kalman 

filter equations, and ends with the application of the ensemble Kalman filter in assimilating the 

GPS-PWV into a numerical weather prediction (NWP) model. For simplicity, all equations are 

written in scalar, not in vector as they are applied in the Data Assimilation Research Testbed 

(DART) system.  

 

Least Square Error   

The core principle of data assimilation in atmospheric sciences and weather forecasting is 

to estimate a state variable with minimum error variance, given statistical information of the 

errors from the observations and the forecasts. Mathematically, it can be expressed in the 

following equations:  

 Wi = D ∙ Ww + v ∙ WY (15) 

 

where Wi is the analysis of the state variable; Ww is the observed variable; and WY is the forecast 

state variable or background state variable. A and B are linear coefficients for the variables. To 

simplify the analysis, let us assume that the estimate variable, Wi, is unbiased, so that, D + v =

1. Expressing the equation in terms of A, we get 

 Wi = WY + DbWw − WYc (16) 

 

and the error analysis of the state variable is   
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 Pi = PY + DbPw − PYc (17) 

 

The gain, A, can be calculated in terms of the error variances defined as the expected 

values of the squared errors of each term, where åiz ≡ é[Piz], åwz ≡ é[Pwz], and åY
z ≡ éëPY

zí. 

Rewriting the above equation in terms of error variances, we find 

 é[Piz] = éëPY
zí + 2DéëPYbPw − PYcí + Dzé ìbPw − PYc

z
î (18) 

 

Assuming the errors between the observed W and forecast W are independent and uncorrelated,  

 éëPw,Yí = åw,Y = 0 (19) 

 

we have the following expression (6). Then, we take the minimum value (i.e., 0) of its derivative 

to find the gain, A, in terms of error variances. The mathematical expressions are as follows: 

 åiz = åY
z + 0 − 2DåY

z + Dzåwz − 0 + DzåY
z (20) 

 ïåiz

ïD
= −2åY

z + 2Dåwz + 2DåY
z = 0 (21) 

 
D =

åY
z

åwz + åY
z (22) 

 

Based on the gain, the least-square estimate of the analysis error is 

 
åiz =

åY
zåwz

åY
z + åwz

= U
1
åY
z +

1
åwz
^
94

 (23) 

 

and the final analysis of variable W is 
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Wi = WY + U

åY
z

åwz + åY
z^ bWw − WYc (24) 

 

Kalman filter 

Kalman filter (KF) is a technique of updating state variables in a model by sequentially 

assimilating observational data into the model state-space systems that evolve in time by a 

forward model (Polavarapu notes; Kalman 1960; Tippett et al. 2003). Updating state variable / 

analysis occurs whenever observational data is available. This process reinitializes the model 

before the integration continues. In NWP models, the update does not only happen in one 

location where the observation is located, but potentially across the model domain.  

The following equations are simple linear functions representing this data assimilation 

technique. It starts with initial guess that includes the R ×R forecast state variable and its 

forecast error covariance i.e., É]
Y, !]

Y respectively. In the model, !]
Y is defined as é[PPñ], which 

is the expected values of forecast error representing the relationship between each grid point in 

the model. The H × H observation data and its H × H observation error covariance are represented 

by ó] and F], respectively. F is assumed to be a diagonal matrix. It means that the observation 

errors across location are uncorrelated. Mathematically it can be expressed as F = Iåz, where å 

is assumed to be constant. We also need an H × R	observation operator, J, which maps the 

observation to the model space, interpolates the state variables to the observation location, and 

compute the variables if they are not explicitly represented in the model.    

 Following the gain expression in the least square error equation, the gain in the KF can be 

expressed as  

 ò1 = !1
YJ1

ñbJ1!1
YJ1 + F1c

94
 (25) 
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where ò is the Kalman gain and subscript G in each term indicates the time advance of the 

model. At the initial time, where G	 = 	0, the initial guess of the forecast error covariance matrix 

is included in the calculation. Based on the least square equation, the update estimate with the 

observations and the observation operator can be expressed as follows,  

 É1
i = É1

Y + ò1bó1 − J1É1
Yc (26) 

 

and the analysis error covariance can be computed using the identity matrix,  

 !1
i = (I − ò1J1)!1

Y (27) 

 

This equation (13) shows that the analysis error covariance is a function of the Kalman gain and 

the forecast errors. By completing these two calculations (12 and 13), we have a posteriori mean 

and covariance for time step G. Assuming that the forecast and observation errors are Gaussian, 

the KF is the best estimator of variables both in linear and nonlinear context.  

The following step is propagating the analysis of the state variable and its error 

covariance to the next time step, G + 1, according to the model dynamics, ô1. The model state 

propagation can be expressed as follows,  

 É134
Y = ô1É1

i (28) 

 !134
Y = ô1!1

iô1
ñ + 01 (29) 

 

01 is the R ×R error covariance of the model errors produced by neglected physics calculation 

and numerical approximations. Using the forecast state and the forecast error covariance at time 
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G + 1, the new analysis of the state and its error covariance can be calculated based on the new 

observations (ó134) and its error covariance (F134). At this point, the cycle is repeated.  

In reality, the relations between various variables in NWP models are non-linear and the 

state and observation dimensions can be as large as 107 and 105, respectively (Katzfuss et al. 

2016). As a result, calculating Kalman gain and storing various matrices become extremely 

expensive and approximations become necessary.  

 

Ensemble Kalman filter 

The ensemble Kalman filter (EnKF) is a technique to reduce the computational and 

storage burden due to the high dimensionality of the data (Anderson 2001; Evensen 2003; 

Tippett et al. 2003; Houtekamer and Zhang 2016). Instead of working with the mean and 

covariance of the state explicitly as shown in equation 13, the EnKF utilizes Monte Carlo 

methods to estimate the forecast error covariances based on the model ensemble members 

(Anderson 2001; Houtekamer and Zhang 2016). Thus, the state distribution is represented by the 

ensembles. The mean ensemble forecasts at time step G can be calculated as follows: 

 
É̅1
Y =

1
M
-É1

Y,$
[

$:4

 (30) 

 

and the mean ensemble-based forecast error covariance is  

 
!1
Y ≈

1
M − 1

-bÉ1
Y,$ − É̅1

Yc

[

$:4

bÉ1
Y,$ − É̅1

Yc
ñ
 (31) 
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where É̅1
Y is the ensemble mean forecast state; É1

Y,$ is the state variable of ensemble K; and M is the 

number of ensemble members. From these multiple forecasts, the probability distribution of the 

model variables can be estimated and so the dimensionality of ! is reduced. This method 

simplifies the computation of the error covariance propagation in time, which otherwise is 

difficult due to the high dimensionality of the error covariance matrices.  

Traditionally, to obtain a consistent analysis scheme, the EnKF is using the stochastic 

filter which assumes a Gaussian distribution for the observation errors. In practice, this technique 

perturbs every observation being assimilated so that it has the observational error distribution. 

The mean of the perturbations is set to 0 and the mean of the perturbed observations is equal to 

the true observation (Anderson 2001). The analysis of state is obtained by shifting the forecast 

ensembles based on the difference between the forecast state of each ensemble and the perturbed 

observation (Katzfuss et al. 2016). This method had been operationally in use at the Canadian 

Meteorological Centre (CMC) since 2005 (Houtekamer and Mitchell 2005). The disadvantage is 

that it is computationally expensive and the Gaussian noise at each analysis time tends to erase 

the non-Gaussian higher moments, and so generates error growth. This spurious correlations 

between the model ensembles and the observations in each time step could degrade the quality of 

the analysis. 

To mitigate the Gaussian noise problem, Anderson (2001) proposes the ensemble 

adjustment Kalman filter (EAKF), which is one of the deterministic filters in the EnKF. The 

EAKF method does not perturb the observations and so there is no Gaussian assumption for the 

observations. The EAKF assumes that the optimal gain can still be obtained using the analysis 

error covariances from the ensemble members. The analysis of state is obtained by shifting and 

scaling each forecast ensemble so that it moves toward the observation and have smaller variance 
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than the forecast state (Katzfuss et al. 2016). Unlike the stochastic filter that uses cross validation 

to obtain a reliable ensemble spread, the EAKF, which tends to shrink the ensemble spread, adds 

a relaxation algorithm that basically relax the analysis back to the original spread in the forecast 

ensemble (Houtekamer and Zhang 2016). Moreover, the EAKF also applies an algorithm to 

localize the error covariances to avoid spurious correlations as it moves farther from the 

observation point.  

       

EAKF in DART 

In DART, the KF equations could be rewritten in a simple way. It starts with these three 

mathematical statements:  

 úXxù\ = J(ÉX) (32) 

 

 úw = J(ÉX) + P (33) 

 

 úY = J(ÉY) (34) 

 

where J is the observation operator, which bridges / maps the model (forecast) state vector to the 

observations; ÉX is the true state vector; ÉY is the model state vector; úw is the observation 

vector; úY is the model observation vector. Following equation (12), the analysis of state can 

simply be written as  

 
ú∆û
i = úY + U

åY
z

åY
z + åwz

^ (úw − úY) (35) 
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where ú∆û
i  is the analysis of the state based on the increment between the model and the 

observation of the state relative to the Kalman gain, which is defined as the ratio of model 

variance,  åY
z, to the total variance of the observation, åwz, and the model variance.     

 Lastly, the analysis of the state is mapped back to the model by applying a linear 

regression, ü, defined as 
†w°ix$i8†\b¢t,ûtc

°ix$i8†\bûtc
, in which we also apply the localization, £, to avoid 

spurious correlations. Thus, the final analysis of the state is  

 ú§•∆û
i = J ¶ÉY + £übú∆û

i − úYcß (36) 

In this study, to generate the model-equivalent GPS-PWV (or !"#$,&
Y), we use PWV 

observation operator, which is a function of several state variables in the model. Mathematically 

it is expressed as follows: 

 !"#$,&
Y = JbÉ$,&

Y c (37) 

 

 
!"#$,&

Y =
1

)*	,
-

1
2
(0#1 + 0#134)(61 − 6134)

8194

1:4

 (38) 

where, 6 is the model-equivalent pressure (units of Pa), including surface pressure;	0# is 

specific humidity (units of kg water vapor/kg air), defined as 
>?@ABC

43>?@ABC
. The G and HG represent 

the model level, including the 2-m level, and the total number of model levels, respectively. 

Constants such as )* (water density=1000 kg m-3) and , (acceleration due to gravity=9.81 m s-2) 

are applied to calculate the integral of moisture across the vertical profile with units of length. 

 To calculate the analysis of the model-equivalent GPS-PWV (or !"#$,&
i ), equation (21) is 

translated as follows, 
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!"#$,&

i = !"#$,&
Y + U

åAj?,Y
z

åAj?,Y
z + åAj?,w

z ^ b!"#$,&
w − !"#$,&

Yc (39) 

 

To obtain the analysis of the state variable (0#D!EF$,&
i ), the linear regression of the 0#D!EF to 

the !"# is multiplied by the increment of !"#$,&
i  to the !"#$,&

Y  as shown in the following 

equations,  

 ∆!"#$,& = !"#$,&
i − !"#$,&

Y  (40) 

 

 
∆0#D!EF$,& = £

_`aNQKNH_Pb0#D!EF$,&
Y 	, !"#$,&

Yc

aNQKNH_P ¶!"#$,&
Yß

	∆!"#$,& (41) 

 

A multiplier, £, which is a 5th order piecewise covariance localization function (referred to as 

cutoff; Gaspari and Cohn 1999) is applied to the increment to decrease it as the distance between 

the observation and the state vector item increases. If the distance is greater than 2 × _®L`ff, the 

increment is zero.   

 Finally, we can obtain the analysis of the 0#D!EF, in each grid point by adding the 

increment to the forecast 0#D!EF, as shown below, 

 0#D!EF$,&
i = 0#D!EF$,&

Y + ∆0#D!EF$,& (42) 

Equation (28) updates the moisture variable of each grid points in the model domains in all 30 

ensemble members every 1 hour. Then following equation (14), the model moves forward to the 

next time step. The DA process is then repeated from equation (23) for 12-hour DA cycles as 

shown in the second study (APPENDIX B).   
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