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A B S T R A C T   

Mount Nyiragongo, an active volcano, is the most dominant natural source of sulphur dioxide (SO2) in Africa. 
While a number of studies have employed atmospheric models to simulate the dispersion of SO2 from this 
mountain, prior to this study, no attempt has been made to use deep learning to bias correct the model’s esti
mates. Here, the Weather Research and Forecasting model coupled with chemistry (WRF-Chem) was used to 
simulate massive SO2 plumes degassed from this mountain between September 2014 and August 2015. Satellite 
observations by the Ozone Monitoring Instrument (OMI) showed that the SO2 spread to over 500 km from the 
volcano site. A deep convolutional autoencoder algorithm (WRF-DCA) was then applied to reduce the bias that 
WRF-Chem showed against the OMI observations. Finally, the correction performance of WRF-DCA was 
compared with a conventional bias correction method, linear scaling (WRF-LS). The performance of WRF-Chem, 
WRF-DCA, and WRF-LS was analyzed using three metrics, that is, the normalized mean bias (NMB), the root 
mean square error (RMSE), and Pearson’s correlation coefficient (R). The results showed that WRF-Chem 
overestimated SO2 at locations near the volcano site and underestimated SO2 at locations further away from 
the volcano site. It generated an overall average NMB of − 0.61 against the OMI observations. Respectively, WRF- 
DCA and WRF-LS reduced this bias by an average of 0.25 (40.9%) and 0.21 (34.4%). Furthermore, although both 
methods also reduced the RMSE and improved the correlation, WRF-DCA consistently performed better than 
WRF-LS. This study demonstrates the advantage that deep learning can provide in estimating volcanic SO2 
emissions.   

1. Introduction 

Sulphur dioxide (SO2) is an atmospheric chemistry species that has 
been placed on the global environment watch list because of its asso
ciation with air pollution, ecosystem damage and climate change (Aas 
et al., 2019; Theys et al., 2019). It is considered one of the principal air 
pollutants that has contributed to premature deaths and respiratory 
illnesses globally (Orellano et al., 2021). It also contributes to the 
deterioration of water, plant, and soil ecosystems by forming sulphuric 
acid (Grennfelt et al., 2020). SO2 is also a short-lived climate forcing 
agent. It is a precursor to sulphate aerosols which influence the radiation 
budget by causing a cooling effect (Szopa et al., 2021). SO2 also has a 
high spatial and temporal variability because of its short atmospheric 
residence time, which, in the troposphere, is in the order of days (Szopa 
et al., 2021). When SO2 is emitted into the troposphere, its main removal 
pathway is through gas phase oxidation by the OH radical and liquid 

phase oxidation by H2O2. The latter happens inside cloud droplets and 
forms sulphate aerosols (Jacob, 2021; Von Schneidemesser et al., 2015). 
The reaction sequence is shown in equations (1)–(5) below. 

SO2 + OH ̅̅̅̅→
M,H2O H2SO4 (1)  

SO2(g) ⇄ SO2 • H2O (2)  

SO2 •H2O ⇄ HSO−
3 + H+ (3)  

H2O2(g) ⇄ H2O2(aq) (4)  

HSO−
3 +H+ +H2O2(aq) → SO2−

4 + 2H+ + H2O (5) 

The variability of SO2 has been successfully monitored on a global 
scale over multiple decades using satellite instruments. These are; the 
Total Ozone Mapping Spectrometer (TOMS) (Krueger, 1983), the Global 
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Ozone Monitoring Experiment (GOME) (Eisinger and Burrows, 1998), 
the Scanning Imaging Absorption Spectrometer for Atmospheric Char
tography (SCIAMACHY) (Bovensmann et al., 1999), the Ozone Moni
toring Instrument (OMI) (Levelt et al., 2006, 2018), GOME-2 (Callies 
et al., 2000; Munro et al., 2016; Nowlan et al., 2011) and the most recent 
of them, the TROPOspheric Monitoring Instrument (TROPOMI) (Theys 
et al., 2019; Veefkind et al., 2012). 

In Africa, SO2 is emitted from both anthropogenic and natural 
sources. The dominant anthropogenic source is the combustion of 
sulphur-rich fossil fuels, for example, at the coal-fired power plants in 
South Africa (Shikwambana et al., 2020). The dominant natural source 
is the volcanic activity at Mt. Nyiragongo, located near the border 
separating the Democratic Republic of Congo and Rwanda. It is an active 
volcano that has the largest constant lava lake in the world located at its 
summit, and SO2 is continuously degassed from it throughout the year 
(Dingwell et al., 2016; Pouclet and Bram, 2021). Consequently, the re
gion around this mountain suffers the highest SO2 pollution than any 
other region within East and Central Africa as shown in Fig. 1a. This 
problem of SO2 degassing is further magnified whenever a volcanic 
eruption occurs. The most recent eruption occurred on May 22, 2021, 
and it produced more than 15 Dobson Units (DU) of SO2 pollution (Opio 
et al., 2021). These two dominant sources of SO2 have been shown in 
Fig. 1a. 

This study focused on the region around Mt. Nyiragongo as the study 
site (Fig. 1b). In addition to the persistent SO2 pollution over its atmo
sphere and threats of eruption from the mountain, this region also suf
fers from political unrest because of the presence of armed militia in the 
area (Lisa et al., 2021). This ongoing crisis makes it difficult to monitor 
SO2 pollution using ground stations, thus satellite observations can be a 
suitable alternative, most especially because they also offer the advan
tage of tracking the full extent of the SO2 plume. This study used ob
servations made by OMI from 2005 to 2020. This period does not have 
any eruption event occurring within it, and was therefore dominated by 
passive degassing SO2 emissions other than eruptive emissions. The SO2 
observations during this period were analyzed to identify the peak 
period, which was then used as the target study period for numerical 
modeling. 

There are limited studies that have applied numerical modeling to 
study the SO2 pollution from Mt. Nyiragongo. For example, on a global 
scale, Lamotte et al. (2021) used the MOCAGE (Modèle de Chimie 
Atmosphérique à Grande Échelle) chemistry transport model to study 
the contribution of degassed SO2 from Mt. Nyiragongo and other 
mountains to the global sulphur budget. Their evaluation was made 

against OMI SO2 observations. On a local scale, Landgren (2011) and 
Dingwell et al. (2016) used the FLEXPART-WRF model to study the 
dispersion of SO2 from this mountain. Both of them compared their 
simulations to observations taken by ground based Differential Optical 
Absorption Spectroscopy (DOAS) instruments. These local-scale studies 
had a small geographical coverage of less than 300 km from the volcano 
site. By contrast, this study simulated much larger SO2 plumes that 
spread to over 500 km from the volcano site. For this, the present study 
used the Weather Research and Forecasting model coupled with chem
istry (WRF-Chem). This is the first time that WRF-Chem is used to 
simulate degassed SO2 emitted from Mt. Nyiragongo. The first purpose 
of this study was thus to evaluate the performance of WRF-Chem. 

Further, an autoencoder based on a deep convolutional neural 
network was applied to correct the bias that WRF-Chem showed when 
evaluated against the OMI observations. This study is also the first 
attempt to use deep learning to bias correct WRF-Chem estimates of SO2 
emitted from Mt. Nyiragongo. The second purpose of this study was thus 
to evaluate the performance of WRF-Chem when bias corrected using 
the autoencoder. In the rest of the article, the WRF-Chem output cor
rected with the autoencoder is referred to with the acronym WRF-DCA. 
Furthermore, in order to give a comprehensive performance analysis of 
WRF-DCA, it was compared to the linear scaling technique as a bench
mark (Fang et al., 2015). This is a popular bias correction technique 
because it has modest data requirements and is relatively simple to 
implement. In the rest of the article, the WRF-Chem output corrected 
using linear scaling is referred to with the acronym WRF-LS. 

2. Data and methods 

2.1. SO2 observations 

Observations of the vertical column density (VCD) of SO2 were ob
tained from the Ozone Monitoring Instrument (OMI) (Li et al., 2020). It’s 
a spectrometer aboard NASA’s Aura satellite which has been making 
observations of SO2 and other trace gases since July 2004. The obser
vations are made daily at a resolution of 13 × 24 km2 at nadir (Levelt 
et al., 2006, 2018). The retrieval algorithm is based on principal 
component analysis (Li et al., 2013). This study utilized the total column 
SO2 product that is provided at a resolution of 0.250 × 0.250 (~27.5 km) 
via the Goddard Earth Sciences Data and Information Services Center 
(GES DISC). 

Fig. 1. (a) Map of Africa showing the long term (2005–2020) average SO2 vertical column density as observed by OMI. The two dominant sources, Mt. Nyiragongo 
and the power plants in South Africa clearly standout. The dashed red box is the simulation domain used in this study. (b) Terrain of the study domain. The red dot is 
the location of Mt. Nyiragongo. 
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2.2. Wind data 

Zonal and meridional wind components for the study domain were 
obtained from ERA5 reanalysis (Hersbach et al., 2020). This is the 5th 
generation reanalysis dataset produced by the European Centre for 
Medium Range Weather Forecasts (ECMWF). This study used winds at 
600 hPa height. This is ~4 km and it is the closest available pressure 
level above the volcano’s summit for which wind data is provided. The 
data were downloaded from the Copernicus Climate Data Store as 
monthly averages at a spatial resolution of 0.250 × 0.250 (~27.5 km). 

2.3. WRF-Chem model setup and data inputs 

Version 4.3 of the Weather Research and Forecasting model coupled 
with chemistry (WRF-Chem) was utilized for making the simulations of 
the SO2 concentration degassed from the volcano. WRF-Chem’s frame
work is an online integrated coupling between a meteorological model 
and a chemical transport model. Both meteorology and chemistry var
iables are thus simulated on the same grid and over the same time steps 
and the feedbacks between the two components are also catered for 
(Grell et al., 2005). 

The meteorological model is the WRF modeling system which uses 
the Advanced Research WRF (ARW) dynamical core. It is a non
hydrostatic model which performs numerical integration on staggered 
Arakawa C-grid with 2nd and 3rd order Runge-Kutta time integration. 
The model can use either a terrain-following vertical coordinate which 
has constant pressure at the model top or a hydrostatic pressure coor
dinate which is terrain-following near the surface (Skamarock et al., 
2019). The ARW solver also has a variety of parameterization options 
available to describe cumulus activity, cloud microphysics, radiation, 
and boundary layer changes among others. The options selected for this 
study are summarized in Table 1. The meteorological initial and 
boundary conditions were obtained from the National Centers for 
Environmental Prediction (NCEP) Final (FNL) Operational Global 
Analysis data (NCEP, 2000) at a spatial resolution of 1o × 1o (~110 km) 
and a 6-hourly temporal resolution. 

The chemistry module attached to the WRF handles the chemical 
emissions of gases and aerosols, their transport, dispersion and deposi
tion (Grell et al., 2005). The module has only one chemistry option for 
simulating SO2 concentration, that is, option 402 and it was the one used 
for this study. Furthermore, version 1.5 of the PREP-CHEM-SRC tool 
(Freitas et al., 2011) was used to generate the volcanic emissions data for 

WRF-Chem. These emissions are generated using data from the Aerosol 
Comparisons between Observations and Models (AEROCOM) program. 
It contains data for both eruptive and non-eruptive volcanic SO2 daily 
emission rate (kg m− 2 dy− 1) along with other variables such as the 
volcano’s name, height above sea level, plume height, longitude and 
latitude. The data are available from January 1979 to December 2010 
for all the volcanoes listed in the Global Volcanism Program database 
that is maintained by the Smithsonian Institute. The WRF-Chem simu
lations of 2009 and 2010 were done with their corresponding emissions 
while the simulations of 2011–2015 were done using 2010 emissions 
since they were the most recent. The SO2 VCD from WRF-Chem were 
obtained by integrating vertically for all model layers from the surface 
up to the model top at 50 hPa. The final SO2 VCD was thus obtained in 
Dobson Units (DU), where 1 DU = 2.69 × 1016 molecules/cm2. 

2.4. Data control 

The OMI SO2 data were regridded from 0.250 × 0.250 (~27.5 km) to 
0.10 × 0.10 (~10 km) to match the WRF-Chem grid. The interest was to 
retain the higher resolution option as this would be profitable for 
training WRF-DCA. The OMI SO2 data used were thus at a resolution of 
0.10 × 0.10. 

2.5. Setup of the convolutional autoencoder model 

The convolutional autoencoder model applied in this study had two 
parts; the encoding part and the decoding part (Fig. 2). The encoding 
part had five convolutional layers (Conv1 to Conv5) with a rectified 
linear unit (ReLU) (Nair and Hinton, 2010) as the activation function. 
All the layers used 3 × 3 filters which varied in number. Conv1 had 32 
filters, and these doubled with each subsequent step such that Conv5 
had 512 filters. Each convolution layer was also followed by a 2 × 2 max 
pooling operation. The end result of the encoding process is a com
pressed version of the image, which then goes through the decoding 
process. The decoding part of the algorithm is made up of deconvolution 
layers with ReLU functions. It’s arranged in an order that mirrors the 
encoding arm such that it restores the image back to its original 
dimension. 

Paired images of the model output and the corresponding observa
tions were fed into the algorithm, which then learnt the representation 
of the two images and their differences. The images fed in had a size of 
96 × 96 pixels. The data used for training the algorithm is described in 
section 3.1. The training process used 250 training iterations (epochs) 
and a batch size of 3. The model was compiled in Python 3.9.7 using the 
Keras deep learning library (Chollet, 2015) with Adam optimization 
(Kingma and Ba, 2014) and the mean squared error as the loss function. 
The code has been deposited on GitHub.1 The total training time taken 
was 12.5 min on a 7th generation Intel Core i5-7200U processor clocked 
at 2.5 GHz. The final validation mean squared error was 0.0032. 

2.6. Description of the linear scaling technique 

This is a popular linear technique that has been applied to bias 
correct a variety of regional climate models (Fang et al., 2015; Jakob 
Themeβl et al., 2011; Lafon et al., 2013; Teng et al., 2015). In some 
literature such as Han et al. (2021) it is also referred to as anomaly 
correction with observations. In this work, the LS method has been 
adapted to handle spatial data. For each grid cell (i, j), the historical 
mean for the model simulations, Si,j and the observations, Oi,j were 
calculated as shown in equations (6) and (7). These calculations were 
done with the same historical data used for training the autoencoder 
algorithm. The bias corrected model values for the test period, S∗

i,j were 

Table 1 
WRF-Chem model setup.  

Model Set-up Value 

Model version 4.3 
Domain 1 domain (see Fig. 1) 
Simulation period Monthly runs from September 2009 to August 2015 
Model spin-up period 1 day 
Horizontal resolution 10 × 10 km2 

Vertical resolution 35 eta levels up to 50 hPa 
Domain size 100 × 100 grids (longitude × latitude) 
Meteorological 

boundary 
NCEP FNL reanalysis (110 km, 6-hourly) 

Physics option Adopted scheme 
Microphysics Lin et al. (Lin et al., 1983) 
Cumulus 

parameterization 
Grell 3-D (Grell and Dévényi, 2002) 

Shortwave radiation Rapid Radiative Transfer Model for GCMs (RRTMG) ( 
Iacono et al., 2008) 

Longwave radiation Rapid Radiative Transfer Model for GCMs (RRTMG) ( 
Iacono et al., 2008) 

Land surface Noah land surface model (Chen and Dudhia, 2001) 
Planetary boundary 

layer 
Yonsei University scheme (Hong et al., 2006) 

Chemistry option Adopted scheme 
Option 402 Volcanic ash fall and SO2 concentration  1 https://github.com/Opio-Cornelius/analysis_volcanic_emissions. 
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then calculated as shown in equation (8). All the data were fed in on a 
monthly basis. 

Si,j =
1
n
∑

Si,j (6)  

Oi,j =
1
n

∑
Oi,j (7)  

S∗
i,j = Si,j +

(
Oi,j − Si,j

)
(8)  

2.7. Evaluation metrics 

Three evaluation metrics were used to assess the performance of the 
WRF-Chem, WRF-LS and WRF-DCA. These were; the root mean squared 
error (RMSE), the normalized mean bias (NMB) and Pearson’s correla
tion coefficient (R). These methods have been described with adequate 
detail in Ivatt and Evans (2020). 

3. Results 

3.1. Timeseries analysis 

A timeseries decomposition was done on the 16-year data record of 
SO2 data taken for the pixels around the volcano site. The results showed 
that the most outstanding peak period of degassed SO2 emissions from 
the volcano were from September 2014 to August 2015. All the 12 
months in this period had above 0.84 DU of SO2. This was the test period 
selected for modeling SO2 using WRF-Chem. There were, however, other 
much weaker peaks observed in the series, in September 2006, April 
2010, March 2011 and from January to June of 2014. Furthermore, in 
order to apply the WRF-DCA algorithm, it had to be trained and vali
dated on data that does not overlap with the test period. For this, WRF- 
Chem simulations and observation data were obtained for the period 
from September 2009 to August 2014, these were 60 months. Of these 
data, 48 months (September 2009 to August 2013) were used for 
training and 12 months (September 2013 to August 2014) were used for 
validation. 

3.2. Simulations of SO2 

Fig. 4 compares the spatial distribution of the SO2 VCD based on 
seasonal averages. OMI observations show that majority of the SO2 shifts 
westward from the volcano site into DRC. Higher SO2 amounts between 
1 and 4 DU were majorly present in the DJF, MAM and JJA seasons. 
Smaller SO2 amounts below 1 DU were observed throughout all the 
seasons and they spread much further from the volcano site. WRF-Chem 
correctly simulated the westward spread of SO2 although with a much 
smaller spatial coverage. The simulated SO2 between 1 and 4.5 DU was 
concentrated close to the volcano site while SO2 amounts below 1 DU 
were spread further away. This consequently generated an over
estimation bias of more than 2 DU at the volcano site and an underes
timation bias of between 0.1 and 3.5 DU in the areas further away from 
the volcano site. WRF-LS reduced both the underestimation and over
estimation bias by about 1 DU. This was the systematic bias that was 
present in the simulations for all the four seasons. In comparison, WRF- 
DCA removed between 1 and 2 DU of underestimation bias over DRC 

Fig. 2. Structure of the deep convolutional autoencoder used. The asterisk (*) sign marks the deconvolution layers.  

Fig. 3. De-seasonalized timeseries of area-averaged SO2 VCD from 2005 to 
2020. The period demarcated with vertical dashed red lines is the simulation 
period selected for this study. 
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Fig. 4. Spatial patterns and differences between observed and modelled SO2 VCD over the study area. Patterns have been organized by seasons; September to 
November (SON), December to February (DJF), March to May (MAM), and June to August (JJA). 
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and about 2 DU of overestimation bias close to the volcano site. How
ever, during the SON, DJF and JJA seasons, WRF-DCA also generated a 
slight overestimation bias of about 1 DU over some parts of DRC. This 
overestimation was not present in the WRF-Chem output. 

The temporal variation (Fig. 5) also shows that WRF-Chem under
estimated the SO2 VCD throughout the year. Its average NMB was 
− 0.61. WRF-LS reduced this by an average of 0.21 (34.4%). The bias 
reduction happened in each of the months except October. By contrast, 
WRF-DCA reduced the NMB by an average of 0.25 (40.9%) and it had 
the best bias reduction for 10 of the 12 months. These were all other 
months except for October and April. WRF-DCA also never achieved a 
bias reduction in October. 

WRF-Chem generated an average RMSE of 0.56 DU. WRF-LS had 
lower RMSE compared to WRF-Chem for all the months. It reduced the 
RMSE by an average of 0.06 DU (10.7%). By contrast, WRF-DCA had 
lower RMSE compared to WRF-Chem for 10 months, that is, all other 
months except October and January. Overall, WRF-DCA reduced the 
RMSE by an average of 0.1 DU (17.8%). Fig. 6 further shows that WRF- 
LS and WRF-DCA make improvements to the correlation. Respectively 
for SON, DJF, MAM and JJA, WRF-LS increased the correlation by 0.13 
(48.1%), 0.22 (46.8%), 0.31 (155%) and 0.27 (79.4%) while WRF-DCA 
increased it by 0.28 (103.7%), 0.22 (46.8%), 0.51 (255%) and 0.33 
(97%). 

4. Discussion 

The results show that WRF-Chem overestimates the amount of SO2 
close to the volcano’s vent. An earlier study by Dingwell et al. (2016) 
also found a similar overestimation bias. However, much further away 
from the volcano, WRF-Chem underestimates the SO2 amount. An 
investigation of the wind speed and direction at 600 hPa height (Fig. 7) 
might offer one explanation to this. During the SON season, there is a 
large area west of the volcano where the wind slows down to less than 5 
ms− 1. This was contrary to ERA5 which showed wind speeds above 5 
ms− 1 in that area. Further, during SON, DJF and MAM, the wind speeds 
below 5 ms− 1 tend to converge and yet ERA5 reanalysis shows continued 
motion even at these speeds. This tendency to converge happens east of 
the volcano during SON and southwest of the volcano during DJF and 
MAM. The largest difference was during the JJA season. WRF-Chem had 

a southeasterly wind flow which was contrary to the easterly and 
northeasterly wind flow shown by ERA5. These conditions could have 
limited the dispersion of SO2 in the WRF-Chem simulations. Fig. 8 shows 
that very low amounts of SO2 got transported westward after longitude 
280 E. Typically, this was less than 0.15 DU of SO2 which was persis
tently lower than what was observed by OMI. 

WRF-DCA’s superior performance at reducing the NMB and RMSE 
and increasing the correlation could be related to the nonlinearity of the 
mathematical functions in the algorithm. They are able to alter second 
order moments, that is, the standard deviation and the variance of the 
data. In comparison, WRF-LS could only alter the first order moment, 
which is, the mean value (Lafon et al., 2013; Teng et al., 2015). 

For the particular test case used here, WRF-DCA only achieved a 
moderate bias reduction since only 40.9% of the bias was removed. The 
high pollution event simulated here was the only one of such magnitude 
in the entire data series, therefore, the algorithm did not have sufficient 
comparable examples to learn from. For this reason, it’s likely that even 
if this study had used all the available historical data from 2005 (Fig. 3), 
the algorithm would still not have improved in performance. By 
contrast, in test cases where sufficient event examples have been pro
vided, such deep learning algorithms can achieve a bias reduction of 
more than 75%. See, for example Han et al. (2021), Le et al. (2020) and 
Tao et al. (2016). 

5. Conclusion 

Being able to predict the likely dispersion extent and characteristics 
of hazardous volcanic emissions is an important step in mitigating their 
impact on human health. This work demonstrates the application of 
numerical modeling to simulate the dispersion of volcanic SO2 emis
sions. The WRF-Chem model was used to simulate large SO2 plumes 
emitted by Mt. Nyiragongo from September 2014 to August 2015. The 
model showed a clear overestimation bias close to the volcano and an 
underestimation bias further away. There was also a deficiency in the 
dispersion of degassed SO2 by WRF-Chem. One possible cause was 
shown to be the incorrect wind patterns above the volcano’s summit. 
Wind speeds below 5 ms− 1 showed a tendency to converge. 

A deep convolutional autoencoder algorithm (WRF-DCA) was then 
applied to bias correct the WRF-Chem model output and its performance 

Fig. 5. Monthly comparisons between modelled and observed SO2 VCD. (a) is the mean SO2 VCD. The vertical bars are the standard deviations from the mean. (b) is 
the root mean square error (RMSE) and (c) is the normalized mean bias (NMB). 
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was compared the conventional linear scaling method (WRF-LS). WRF- 
DCA achieved a bias reduction of 40.9% while WRF-LS achieved a 
reduction of 34.4%. WRF-DCA also had a lower RMSE and higher 

correlation compared to WRF-LS. This moderate performance of WRF- 
DCA is because the pollution event tested here was the only one of 
such magnitude that has so far been observed by OMI, therefore, this 

Fig. 6. Scatter plots with kernel density estimation and correlations for the SO2 VCD (Dobson Units) of WRF-Chem, WRF-LS and WRF-DCA against OMI observations. 
The dashed red line is the 1:1 line. 

Fig. 7. 600 hPa wind speed and direction from ERA5 reanalysis and the WRF-Chem model.  
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study could not provide sufficient examples for the algorithm to learn 
from. This method would perhaps show higher performance if applied to 
relatively lower SO2 pollution episodes which happen often. This has not 
been demonstrated in this work. 

WRF-Chem is a capable scientific tool for modeling volcanic emis
sions because it simulates the chemical concentrations along with the 
influence that meteorological conditions have on their dispersion. 
However, it suffers from bias arising partly from the limited range to 
which the species get dispersed. Egan (2019) has demonstrated that 
making some code modification could be one method to correct the 
dispersion deficiency. This study has also demonstrated that doing a bias 
correction based on historical data can also help improve the perfor
mance of WRF-Chem. 
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