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ABSTRACT 

 
Fine particulate matter, ozone and nitrogen oxides are forecasted using a three-dimensional 

atmospheric meteorology-chemistry model (WRF-Chem) and a triple-nesting configuration over 
the Middle East and the Arabian Peninsula focusing on the hot desert climate of Qatar. We analyze 
the impact of a local anthropogenic emission inventory (EI) on model predictions, compared to 
the most commonly used EDGAR global emissions. The model’s forecast accuracy was assessed 
against measurement data from five ground air quality monitoring stations in the greater 
metropolitan area of Doha over a one-month period. The footprint of the Doha metropolitan 
area on the geographical distribution of the anthropogenic emissions is much more realistically 
represented in the new version of emissions, which includes major differences in the magnitude 
of emission rates, locally, compared to the base case. The use of the local emissions allowed for 
a significant improvement in the representation of air quality levels in the city. The overall forecast 
error decreased from –51% to 8% for PM2.5 and from –88% to 20% for NOx while a significant 
improvement was observed in the diurnal profile of predicted ozone. The ability of the model to 
forecast the air quality health index in this urban, coastal, hot desert climate is encouraging for 
future applications of this modeling platform as an early warning system (EWS). 
 
Keywords: WRF-Chem, Arabian desert, PM2.5, EDGAR emissions 
 

1 INTRODUCTION 
 

Increased levels of air pollution are a major health concern in urban environments worldwide. 
In fast growing cities of the Middle East, air quality is often negatively affected by increased 
concentrations of ambient particulate matter, originating from various sources (desert dust, 
construction activities, resuspended road dust, diesel engines, secondary formation) or ozone 
which forms photo-chemically through a chain of chemical reactions involving nitrogen oxides and 
volatile organic compounds emitted mainly from traffic and industrial activities. In the Arabian 
Peninsula in particular, intense urbanization and industrial activity over the last decades in some 
countries necessitates efficient air quality management plans for major metropolitan areas where 
more than 80% of the country’s population is currently living. In order to mitigate the negative 
health effects induced by poor air quality, abatement strategies (Font and Fuller, 2016; Bel and 
Joseph, 2015) need to tackle both air pollution episodic days as well as elevated background 
atmospheric pollution levels throughout the year. 

A comprehensive air quality management plan requires the use of both modeling and field 
measurement studies among others. For air quality modeling, the most advanced tool that is 
used in the design of pollution control strategies is a eulerian three-dimensional chemistry-
transport model (CTM) with online-coupled meteorology (Longo et al., 2013; Fast et al., 2006). 
The application of CTMs for air quality studies is often challenging when the region of interest is 
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a complex environment with various sources of pollution and a strong influence of variable 
weather conditions. Known components of a CTM that contribute to prediction errors are emissions, 
parameterizations describing physicochemical atmospheric processes, boundary conditions, terrain 
characteristics and meteorology. The most significant contributor of model errors is often the 
emissions input used. Both anthropogenic and biogenic emissions of reactive gases and aerosols 
(including aerosol precursors) can substantially change the atmospheric composition of an urban 
center in a rapid rate throughout the day. Accurate quantification of emission rates of pollutants 
within emission inventories (EIs) is of fundamental importance for a successful implementation 
of a CTM which uses emission rates and emission time series as a key model input.  

At a continental/regional scale the most established emission inventories that have been used 
within CTMs include the EDGAR inventory (Emission Database for Global Atmospheric Research, 
http://www.mnp.nl/edgar/introduction), the RETRO (REanalysis of the TROpospheric chemical 
composition, http://retro.enes.org) inventory and the recent CEDS (Community Emission Data 
System) global emission inventory (Hoesly et al., 2018). EDGAR has been widely used by policy 
makers as it is considered unique in its inclusion of more than 20 years of historical emission data 
for all countries of the world. EDGAR uses scientific data and international statistics to calculate 
emission data in a common and consistent way for all countries. However, at a country-scale, 
deficiencies in these emissions often occur and are significant especially for emerging, fast-growing 
countries as well as for countries that do not report air pollution measurements consistently. In 
the Arabian Peninsula due to a scarcity of spatially distributed national emission inventories, 
EDGAR information alone may be outdated or unreliable when constructing emission input for a 
CTM application. 

There have been limited air quality CTM studies in the Arabian Peninsula so far, most of which 
largely focused on dust storms and the application of an appropriate dust emission source 
function for the region (Anisimov et al., 2017; Kalenderski et al., 2013; Jish Prakash et al., 2015; 
Fountoukis et al., 2020, 2016; Kontos et al., 2018; Karagulian et al., 2019; Parajuli et al., 2019). 
Much less attention has been given to anthropogenic emissions and their impact on the air 
quality of urban areas of the Arabian Peninsula (Ukhov et al., 2020; Roshan et al., 2019). The 
choice of the right emission inventory for this region is not straightforward. Global anthropogenic 
emission inventories like EDGAR, although widely used, have low spatial resolution that often 
results in producing spatially smooth and thus locally unrealistic results. On the other hand, the 
use of EDGAR’s database total emission fluxes for CTM at a regional scale provides consistency 
with regard to the methodology used to construct emissions across all countries and gives 
confidence in the modeling of transboundary pollution conditions. 

In this work, we apply the WRF-Chem (Fast et al., 2006; Grell et al., 2005) model over the 
Arabian Peninsula in forecasting mode with a focus on the metropolitan area of Doha, Qatar. 
Based on EDGAR total emission fluxes we construct a local emission inventory using updated 
high-resolution (250 m × 250 m) land-use information. The goal of this work is to evaluate the 
impact of a local emission inventory compared to the base case EDGAR on predicting main air 
pollutant concentrations in an urban environment where local measurement data are available 
for model evaluation. The methodology to construct the local EI in this study could be used as a 
prototype for future forecasting WRF-Chem applications that could benefit from improved 
EDGAR emissions in this region.  

 
2 METHODS 
 
2.1 Model Application 

In the arid urban environment of Doha, Qatar, numerous physical and chemical atmospheric 
processes occur simultaneously, due to various factors such as intense sunlight/photochemistry 
throughout the year, sea-breeze circulation, strong primary emission fluxes mostly from traffic, 
construction and industrial activities, the influence of desert dust, transboundary pollution and 
others. This requires the use of a comprehensive numerical chemical transport model such as the 
three dimensional meteorology-chemistry model WRF-Chem (Weather Research Forecasting 
with Chemistry (Fast et al., 2006; Grell et al., 2005). We use the 4.2 version deployed over the 
Middle Eastern region with an enhanced grid resolution over the state of Qatar (Fig. 1). 
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Fig. 1. WRF-Chem configuration of three modeling domains at different grid resolutions over the Middle East region; (left panel): 
10.3°–36.1° latitude, 29.5°–63.3° longitude, (50 km × 50 km), (middle panel): 17.2°–30.6° latitude, 40.6°–58.8° longitude, 
(10 km × 10 km), and (right panel): 24.1°–26.4° latitude, 50.6°–51.9° longitude, (2 km × 2 km). 

 
Lambert map projection was used in all simulations. The parent domain is resolved in a 50 km 

× 50 km grid while the intermediate nested domain used a 10 km × 10 km resolution over the 
Arabian desert. The third domain was configured over Qatar where our continuous air quality 
monitoring stations are located and was resolved at 2 km × 2 km. Twenty eight vertical layers 
were used in all three computational domains extending from the surface to approximately 20 km. 
Our selected model configuration is carefully chosen to allow WRF-Chem for a computationally 
efficient modeling setup capable of spanning large areas in which regional transport of pollutants 
is important (e.g., frequent dust storms often originating from the greater Middle Eastern 
region), while providing fine resolution in select areas (e.g., Qatar) to address small-scale features 
(e.g., high-res emissions). Static geographical data along with dynamic meteorological data 
generated by the Global Forecast System (GFS) were used to initialize the model. The physics part 
of the model application includes the Lin microphysics scheme (Chen and Sun, 2002), the Grell 
3D cumulus parameterization (Grell and Devenyi, 2002), the Goddard shortwave radiation scheme, 
the Rapid Radiative Transfer Model longwave radiation scheme (Mlawer et al., 1997), the 5-layer 
thermal diffusion land surface model, the revised MM5 Monin-Obukhov surface layer scheme 
and the Yonsei University boundary layer scheme (Hong et al., 2006). For the planetary boundary 
layer (PBL) parameterization choice, a sensitivity study was conducted to identify the most 
representative PBL scheme for the atmospheric condition in the Middle East (Fountoukis et al., 
2018). The RACM (Regional Atmospheric Chemistry Mechanism) chemistry scheme is utilized 
(Stockwell et al., 1997; Geiger et al., 2003) coupled with the Georgia Institute of Technology-
Goddard Global Ozone Chemistry Aerosol Radiation and Transport (GOCART) aerosol module 
(Ginoux et al., 2001). 
 
2.2 High-resolution Emissions and Land-use Data 

For the base case simulations we use the latest version of EDGAR emissions; namely the 
HTAP_V2 (Hemispheric Transport of Air Pollution emissions – version 2; http://www.htap.org/) 
anthropogenic emissions, which include black carbon (BC) and organic carbon (OC), particulate 
matter (PM10 and PM2.5), sulfur dioxide (SO2), ammonia (NH3), nitrogen oxides (NOx), methane 
(CH4), carbon monoxide (CO) and non-methane volatile organic compounds (NMVOCs). These 
emissions are provided for several source sectors: transport, energy, industry, agriculture and 
residential sector in 0.1° × 0.1° or 0.5° × 0.5° grid maps depending on the species. A grid-mapping 
program has been used to map the global anthropogenic emissions data to Qatar as well as the 
other two parent domains of our model configuration on Lambert projection (ftp://aftp.fsl.noaa.
gov/divisions/taq/global_emissions). The data are further processed, after the emissions are 
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mapped to all three domains, for compatibility with the gas-phase chemistry mechanism and the 
aerosol scheme of choice. Biogenic emissions are calculated (Guenther et al., 1994) online through 
the USGS land-use classification and the WRF pre-processing system (WPS). Windblown dust 
emissions are calculated in the model using the US Air Force Weather Agency (AFWA) dust 
parameterization which includes the MB95 dust emission scheme (Marticorena and Bergametti, 
1995) with typical airborne dust size distributions of Kok (2011). 

The local emission inventory developed in this work is based on the total emission rates for 
each species derived from EDGAR for the whole domain. These total emission fluxes are spatially 
redistributed much more realistically based on the current land-use information for the state of 
Qatar. This is an important exercise for this region as the landscape of the metropolitan area of Doha 
has changed substantially over the last 10 years. Table 1 shows the WRF-Chem built-in 24-category 
USGS (United States Global Survey) land-use classification which, for the base case emissions is 
based on AVHRR (Advanced Very High Resolution Radiometer) satellite spanning April 1992 
through March 1993 using a resolution of approximately 1 km. Accurate representation of land 
surface activity is relevant for an accurate estimation of emission rates and for appropriate 
modeling of the boundary layer evolution. Based on the current urban and build-up area coverage 
extracted from our GIS application in Qatar we recalculated anthropogenic emissions in high 
resolution (for each computational cell) while also updated all 24 categories coverage over our 
d03 domain. The global emissions have a resolution that varies from 50 × 50 km2 to 10 × 10 km2 
resolution depending on the species and location in the EDGAR database. In our local emission 
inventory, our GIS exercise constructed emissions on a 0.2 × 0.2 km2 resolution, which were then 
mapped to our domain d03 that is resolved at 2 × 2 km2 resolution. For each computational cell 
of our domain, a percentage of each land use type is calculated from GIS information. The total 
(domain-wide) emission fluxes are then multiplied by a factor that represents the relevant land 
use type occupancy percentage to allocate emissions for this cell. 

Fig. 2 shows the three most frequent categories in the land of Qatar with the original WRF land 
use input (AVHRR method) and the new land use information we constructed using GIS application.  

 
Table 1. 24-category USGS land-use classification. 

Category Classification 
1 Urban and Built-Up Land 
2 Dryland Cropland and Pasture 
3 Irrigated Cropland and Pasture 
4 Mixed Dryland/Irrigated Cropland and Pasture 
5 Cropland/Grassland Mosaic 
6 Cropland/Woodland Mosaic 
7 Grassland 
8 Shrubland 
9 Mixed Shrubland/Grassland 
10 Savanna 
11 Deciduous Broadleaf Forest 
12 Deciduous Needleleaf Forest 
13 Evergreen Broadleaf Forest 
14 Evergreen Needleleaf Forest 
15 Mixed Forest 
16 Water Bodies 
17 Herbaceous Wetland 
18 Wooded Wetland 
19 Barren or Sparsely Vegetated 
20 Herbaceous Tundra 
21 Wooded Tundra 
22 Mixed Tundra 
23 Bare Ground Tundra 
24 Snow or Ice 
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Fig. 2. Categories 1, 8 and 19 (from Table 1) representation in WRF land use input file using the default WRF method (top panels) 
and the newly constructed land use map based on recent GIS application (bottom panels). Scale is unitless (from 0–1, where 1 
means 100% occupancy of the specific category in a computational cell). 

 
Information from land category one (Classification: Urban and Build-up land) was used to redistribute 
the total anthropogenic emissions of Qatar. Furthermore, the WPS model, the pre-processor of 
WRF-Chem, was run with a new land use input file with all 24 categories updated. 
 
2.3 Monitoring Data and Study Period 

Surface observations were made by the Qatar Environment and Energy Research Institute 
(QEERI) which currently operates six Air quality Monitoring stations (AQMS) located in and outside 
the metropolitan area of Doha as shown in Fig. 3. All stations are equipped with: 1) a MP101M  

Urban and Built-Up Land Barren or Sparsely Vegetated Shrub land
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Fig. 3. Location of Air Quality Monitoring Stations in the greater metropolitan area of Doha, Qatar. 

 
suspended particulate beta gauge monitor with continuous particulate measurement, 2) a AC32M 
chemiluminescent nitrogen oxide analyzer, 3) a AS32M optical Absorption Cavity attenuated 
phase-shift spectroscopy (CAPS), and 4) a O342 module UV photometric ozone analyzer. All 
AQMS are also equipped with Thermo-hygrometers (DMA867-875) for continuous measurements 
(every 1 min) of ambient relative humidity and temperature as well as Anemometers (DNA827) 
for the wind speed and wind direction. Following the standardized data validation methodology 
of the U.S. EPA (U.S. EPA, 2000), data quality assessment was performed routinely. 

A full month of air quality forecasting was conducted for January 2021 using both the base 
case model configuration (EDGAR emissions) and the new version (high-resolution local emissions 
and land-use data). 

During this period, air quality and meteorological parameters were continuously monitored in 
5 air quality measurement stations in Qatar (QF00-QF04; QF05 was not operational during the 
study period) and are used to assess the model’s performance.  
 
2.4 Model Verification 

The model was run in operational forecasting mode, as detailed below. We produce forecasts 
of air quality, solar radiation and meteorology on hourly time resolution for 72 hours ahead for 
all three domains. A new forecast is run every day and initialized with the 00 UTC GFS global 
products of 27 km spatial resolution of NOAA (National Oceanic and Atmospheric Administration), 
NWS (National Weather Service), USA (https://ftp.ncep.noaa.gov/data/nccf/com/gfs/prod/). 
The forecasting skill of WRF-Chem/QEERI is quantified in terms of the root mean square error 
(RMSE), the mean gross error (MGE), the mean bias (MB), the FAC2 (fraction of predictions within 
a factor of two of the observation) and the forecast accuracy (FA; a perfect forecast would have 
FAC2 = 1 and FA = 100%):  
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QEERI Air Quality Monitoring Network

 QF00 – Al Gharrafat (Urban background super site)
 QF01 – Al Wakrah Hospital
 QF02 – Wildlife protectorate
 QF03 – American School of Doha 
 QF04 – Al Thumama stadium
 QF05 – Hamad Medical City
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where Pi is the model predicted value for data point i, Oi is the observed value and n is the total 
number of data points (hourly data). These are common statistics that have been widely used in 
similar studies around the world (Gonzales et al., 2018; Kumar et al., 2016; Hoshyaripour et al., 
2016). The first 12 hours of each simulation run are discarded as spin-up time. 
 

3 RESULTS AND DISCUSSION 
 

Fig. 4 shows nitrogen oxide (in mol km–2 hr–1) and black carbon emissions (in μg m–2 hr–1) from 
the base case simulation (i.e., EDGAR emission inventory) and by adopting our newly constructed 
local emission inventory using high resolution land-use information. The use of the up-to-date 
land-use scenario results in major differences in how topography is described within WRF-Chem, 
especially in terms of urban land cover, which in turn produces major differences in the magnitude 
and spatial distribution of emission rates. The footprint of the Doha metropolitan area on the 
anthropogenic NO and BC emissions is more realistically represented in the new version of 
emissions as seen in the east coast of Qatar in Fig. 4 (right panel). 

We focus our model evaluation on O3, NOx and PM2.5 to analyze the impact of anthropogenic 
sources (e.g., vehicular and industrial) on anthropogenic air pollution in Doha. Furthermore, we 
present model skill statistics for the air quality health index (AQHI) calculated as described in 
Stieb et al. (2012) on an hourly frequency. 
 

( ) ( ) ( )3 2.520.000537 O 0.000487 PM0.000871 NO1000
1 1 1

10.4
AQHI e e e× ××   = × − + − + −    

 (6) 

 
where O3 and NO2 are in parts per billion (ppb) while PM2.5 in micrograms per cubic meter (µg m–3). 
The AQHI provides a number from 1 to 10+ to indicate the level of health risk associated with 
local air quality. The index has been developed as a continuum: The higher the number, the 
greater the health risk and need to take precautions. The index describes the level of health risk 
associated with this number as ‘low’ (1–3; blue color), ‘moderate’ (4–6; orange color), ‘high’ (7–
10; red color) or ‘very high’ (10+; purple color), and suggests steps that can be taken to reduce 
exposure. The formulation of WRF-Chem/QEERI’s AQHI is based on the hourly forecast relationship 
of nitrogen dioxide, ground-level ozone and fine particulate matter as described in Eq. (6). These 
three pollutants are of concern in Doha, Qatar, based on long term observations from QEERI’s 
network of AQ monitoring stations. 

Table 2 shows the overall statistics for air quality parameters for both simulations. The simulation 
with the high resolution local emission inventory resulted in better model performance for all 
station locations in Qatar. Across all stations, the forecast accuracy increase from 28% to 76% for 
NOx, from 60% to 87% for PM2.5 and from 50% to 70% for AQHI. The most significant improvement 
was seen in the ASD station (QF03) located in the city center of Doha which is highly influenced 
by traffic pollution. The overall error dropped from –51% to 8% for PM2.5 and from –88% to 20% 
for NOx. The base case simulation significantly underpredicts concentrations of NOx (Fig. 5) and 
PM2.5 in the city which is mostly due to the different spatial allocation of local emissions. Urban 
anthropogenic pollution is much more realistically predicted in our new simulation runs adopting 
our newly constructed local emission inventory. The new emissions input resulted also in a much 
better prediction of the AQHI in all stations. The base case prediction of AQHI exhibited a mean  
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Fig. 4. WRF-Chem nitrogen oxide and black carbon emission rates in Qatar for the month of January 2021 estimated by the base 
case EDGAR emission inventory (left panels) and a local emission inventory based on current high-resolution land-use coverage 
data (right panels). 

Global (EDGAR) Local (high-res)
NO emissions
(mol/km2/hr)

BC emissions
(μg/m2/hr)
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Table 2. Model performance statistics for five AQ monitoring stations in Qatar (the RMSE, MGE, and MB are given in μg m–3 for 
PM2.5 and in ppb for O3 and NOx). 

Parameters O3 NOx PM2.5 AQHI O3 NOx PM2.5 AQHI 
Statistics Simulation Simulation  

Basecase (EDGAR emissions) at QF00 High-res (Local emissions) at QF00 
RMSE 15.49 46.25 33.80 3.33 12.18 37.12 36.79 2.60 
MGE 12.30 26.46 26.42 2.80 9.44 21.40 23.10 1.96 
MB 1.82 –26.07 –16.48 –2.64 1.70 3.95 –1.15 –1.36 
FAC2 (%) 64.44 16.39 24.17 28.19 62.64 58.33 50.28 71.53 
ME (%) 7.32 –77.29 –47.18 –52.29 6.84 11.70 –3.30 –26.89  

Basecase (EDGAR emissions) at QF01 High-res (Local emissions) at QF01 
RMSE 17.84 67.70 18.15 2.55 13.93 57.41 22.08 2.10 
MGE 13.95 44.10 12.17 2.07 10.78 34.13 14.36 1.56 
MB 5.05 –44.05 –4.51 –2.00 4.81 –25.19 4.44 –1.27 
FAC2 (%) 51.11 4.03 29.03 28.89 51.81 28.75 36.11 57.50 
ME (%) 24.10 –92.26 –29.40 –51.91 22.98 –52.76 28.96 –32.92  

Basecase (EDGAR emissions) at QF02 High-res (Local emissions) at QF02 
RMSE 16.53 21.61 32.61 2.17 13.11 21.37 34.78 2.13 
MGE 12.85 11.02 23.53 1.71 10.19 13.23 24.73 1.56 
MB –2.59 –4.91 –11.64 –1.42 –2.67 2.53 –5.81 –1.00 
FAC2 (%) 63.47 39.31 32.08 58.75 60.83 41.81 36.67 62.08 
ME (%) –9.29 –32.69 –35.16 –35.98 –8.79 14.71 –20.28 –26.69  

Basecase (EDGAR emissions) at QF03 High-res (Local emissions) at QF03 
RMSE 15.67 70.17 25.27 3.55 12.31 55.43 23.69 2.41 
MGE 12.26 43.29 18.49 3.06 9.15 28.98 16.15 1.93 
MB 3.06 –43.27 –13.17 –3.02 4.21 –9.98 2.17 –1.62 
FAC2 (%) 56.11 5.00 26.25 21.53 57.22 53.89 50.14 73.06 
ME (%) 14.11 –88.14 –51.77 –60.49 19.41 –20.33 8.54 –33.73  

Basecase (EDGAR emissions) at QF04 High-res (Local emissions) at QF04 
RMSE 17.44 138.16 34.06 4.53 14.89 122.08 27.38 3.48 
MGE 13.60 89.68 26.78 3.82 11.66 69.79 20.12 2.74 
MB 5.61 –89.68 –23.37 –3.80 5.61 –61.00 –9.45 –2.61 
FAC2 (%) 56.94 1.25 14.44 11.67 54.31 33.89 43.89 47.50 
ME (%) 26.06 –95.75 –67.15 –66.52 26.05 –65.20 –27.15 –45.65 

 
bias ranging from –1.4 (in the desert) to –3 (in the city center) which highly improved in our new 
model version (from –1 to –1.6). 

In the background location of the Shahaniya station (QF02), which is close to Qatar’s desert, 
there is a significant improvement in the predictions of all air quality parameters which shows 
the influence of the city ‘s pollution to the greater region in Qatar. The improvement in ozone 
concentration predictions appears small on average (Table 2) since ozone is a secondary pollutant 
and more regionally distributed regardless of the emission inventory used. However, significant 
differences occurred in the diurnal profile of ozone. Fig. 6 shows the temporal variation of ozone 
concentrations from the two different forecasts (i.e., with EDGAR and with our new local emission 
inventory) along with NO× concentrations against the observed data at our supersite location, 
QF00 station, which is characterized as an urban background site of Doha. 

The use of local emissions systematically helps the forecast capture the diurnal variation of 
ozone much better than the forecast with the global (EDGAR) emissions for Doha. A substantial 
improvement of the spatial allocation of ozone precursors (NOx and NMVOCs) together with the 
higher resolution allowed for better representation of the formation of diurnal profiles of ozone 
production and titration. The daily maximum values are well represented in the new simulation; 
this is important for the development of effective mitigation strategies and AQ management 
plans at urban environments. Night-time observed minimum ozone concentrations are often 
overpredicted even with the new emissions indicating that further improvements are needed  
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Fig. 5. Scatter plot comparison of observed and predicted hourly NOx in five monitoring stations in Qatar (QF00–QF04 as shown 
in Fig. 2) using the global EDGAR and local high-resolution emissions. 

 
possibly in the NOx and VOCs emission profiles. Also, hyperlocal sources of anthropogenic emissions 
(e.g., construction machinery emissions) missing from our inventory are also a source of forecast 
error. This is particularly the case with the location of the QF04 AQMS. A significant improvement 
in the time series forecast is also seen for NO× concentrations, not so much towards the diurnal 
capture as with the O3 case, but rather in the magnitude of the NO× levels throughout the day. 
Fig. 7 shows the average spatial distribution of PM2.5 and NO× concentrations in Qatar for January 
2021 predicted by the two simulations. Significant differences in both the quantity and allocation 
of primary anthropogenic emission inputs between the two inventories used, resulted in locally 
significant differences in spatial distribution of PM2.5 and NO× concentrations. Results show that 
the local (high-res) simulation forecasts increased the levels of PM2.5 over the mainland of Qatar, 
where the atmospheric particle composition is rich in suspended dust particles.PM2.5 and NO× 
concentrations also increased over the metropolitan area of Doha, the industrial cities of Ras-Laffan 
in the north, and Mesaieed in the Southeast of Doha. On the contrary, the base case simulation  
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Fig. 6. Timeseries comparison of observed and predicted hourly O3 (top panel) and NOx (bottom 
panel) in our urban background station in Qatar (QF00) using the global EDGAR and local high-
resolution emissions. 

 
shows elevated PM2.5 only over the desert of Qatar. Model performance statistics for the QF00 
AQMS, which is our urban background station, clearly shows the forecast skill improvement when 
using the high-res local emission inventory. The overall PM2.5 mean error at QF00 decreased from 
–47% to –3% while the mean bias from –16 μg m–3 to –1 μg m–3. The forecast accuracy for NOx 
improved from 48% to 73%. It should be noted that the overall model performance regarding 
meteorological parameters was very encouraging while the two simulations did not produce 
significant differences. Overall, the error for temperature ranged between 2 and 5% among stations, 
10–12% for relative humidity while the MGE for winds ranged between 0.9 and 1.2 m s–1 without 
any systematic bias. The use of the new high-res emission inventory significantly improves the 
representation of the AQHI across Qatar (Table 3), with the only exception of the Al Thumama 
station: this is due to the presence of a local construction site that was not accounted for in our 
local inventory. The base case version, which adopts the EDGAR inventory, systematically 
underpredicted the AQHI values in all AQMS locations. 
 
4 CONCLUSIONS 

 
In this study we apply the 3-D regional chemical transport model WRF-Chem over the Middle 

East with a high grid resolution over the Arabian Peninsula and the state of Qatar during January  
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Fig. 7. WRF-Chem PM2.5 (top panels) and NOx concentrations (bottom panels) in Qatar for the month of January 2021 predicted 
by the base case forecast simulation [using EDGAR emission inventory (left panels)] and the new forecast simulation [using a 
local emission inventory based on current high-resolution land-use coverage data (right panels)]. Black circles show the location 
of the metropolitan area of Doha, and the industrial cities of Ras-Laffan in the north and Mesaieed in the Southeast of Doha. 

Global (EDGAR) Local (high-res)
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Table 3. Comparison of monthly averaged (January 2021) observed AQHI in five monitoring stations 
in Qatar against the WRF-Chem/QEERI forecast using the global EDGAR and local high-resolution 
emissions. 

AQHI Observed Forecast Forecast 
Basecase High-res 

QF00 MODERATE LOW MODERATE 
QF01 MODERATE LOW MODERATE 
QF02 MODERATE LOW MODERATE 
QF03 MODERATE LOW MODERATE 
QF04 HIGH LOW MODERATE 

 
2021 in operational forecasting mode. We test the sensitivity of the predictions of PM2.5, Ozone 
and NOx on the anthropogenic emission inventory used over Qatar. The forecast accuracy is 
evaluated against surface observations taken from five Air quality Monitoring stations located in 
and outside the metropolitan area of Doha, Qatar. A local emission inventory is developed based 
on the total EDGAR emission rates that are re-distributed over Qatar in a more realistic way using 
updated land-use information in high spatial resolution The global emissions have a resolution 
that varies from 50 × 50 km2 to 10 × 10 km2 resolution over Qatar depending on the species and 
location in the EDGAR database. In our local emission inventory, GIS is applied to construct 
emissions on a 0.2 × 0.2 km2 resolution, which were then mapped to our WRF-Chem domain in 
Qatar at 2 × 2 km2 resolution. A significant improvement in the forecast accuracy was found when 
employing the new inventory. The overall error across all stations was reduced from –51% to 8% 
for PM2.5 and from –88% to 20% for NOx, while a significant improvement was observed in the 
diurnal profile of predicted ozone. Moreover, the new inventory resulted in a more accurate 
forecast of the air quality health index. Across all stations, the forecast accuracy increase from 
28% to 76% for NOx, from 60% to 87% for PM2.5 and from 50% to 70% for AQHI. Future 
applications of WRF-Chem with EDGAR emissions over the Middle East could benefit a lot from 
employing our methodology for a much more accurate re-construction of the anthropogenic 
emission inventory.  
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