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Why we care about atmospheric chemistry

christoph.a.keller@nasa.gov

2. Air Quality1. Climate & Dynamics
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Models are needed to fill gaps in observations
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Terra MOPITT (CO)

www.acom.ucar.edu

Surface ozone observations

TOAR (Schulz et al., 2017)
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Atmospheric chemistry is complex & computationally expensive

christoph.a.keller@nasa.gov

Ø 25km horizontal resolution, 72 vertical layers (~75M grid cells)
Ø 282 chemical species, 722 reactions
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Replace chemical integrator with model trained by 
machine learning
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Dynamics

Emissions

Sub-grid

Photolysis

Chemical 
Integrator

Diagnostics

Deposition

Conventional: GEOS-Chem solver

Alternative: decision tree model
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Decision tree generation (training)

christoph.a.keller@nasa.gov

Ø GEOS-Chem 4x5 degrees test run, 1 year
Ø Randomly subsample based on deciles, ~5M points in total
Ø Generate decision trees with 10’000 leaves

Inputs Prediction

• Chemical species
• Photolysis rates
• Temperature
• Pressure
• Rel. humidity

• Concentration 
change due to 
chemistry
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Decision tree model successfully 
reproduces surface ozone (monthly mean)

christoph.a.keller@nasa.gov

Full chemistry Decision tree
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Decision tree model successfully 
reproduces surface ozone (cont.)

christoph.a.keller@nasa.gov

GEOS-Chem
Decision tree
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Decision tree model error increases over time…
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Machine	learning	application	to	air	pollution	modelling
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Introduction: Atmospheric chemistry models are used

to forecast air-pollution, develop policy and to

improve our scientific understanding.

They evaluate the transport, emissions, chemistry and

deposition in the grid boxes of the atmosphere and

are computationally intensive. Chemistry is often the

most computationally intensive aspects.

Can we develop a machine learning representation to
speed things up?

Model: Going to use the GEOS-Chem (www.geos-

chem.org) model. This is a well used, open-source

model. We can produce a ‘Training’ dataset of the
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chemical and physical state before and

after the chemistry step. From this we

can try to develop a machine learning

algorithm to replace the chemical

integrator step. Model is run for 2013 to

develop training data. For expediency

Machine Learning. : For each chemical tracer in the

model we develop an individual algorithm to predict

what its concentration in the next time step will be

based on the physical and chemical conditions in the

current timestep. We use use a random forest

regression approach this.

We generate 52 models , 1 for each chemical tracer.

Use these to replace the chemical integrator

Machine learning. We replace the chemical integrator

with the machine learning algorithms. We then re-run

both the base model and the machine learning model
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for 2014 and compare the

differences. Initially just look at the

evolution over a month. The model

predicts the concentration of 52

chemical tracer but here we focus

only on ozone.

Conclusions:	We	have	shown	that	a	machine	learning	

approach	can	replace	the	chemical	integrator	in	a	

chemistry	transport	model.	It	is	not	perfect	and	its	

current	implementation	is	very	slow,	but	it	shows	many	

similarities	with	the	full	simulation.	Future	work	will	

attempt	to	improve	the	performance	by	better	taking	

into	account	the	physical	and	chemical	laws	of	the	

system	– conservation	of	mass	etc.	

Machine	

learning

Results: Figure A shows the fractional difference in the

August monthly mean surface O
3
between the base

model and the model run with the machine learning.

Figure B shows this as a time series for selected cities

and Figure C shows the correlation between the base

and machine learning models for these cities. Figure D

shows how the error increases as time goes on in the

month. In general the machine learning does a

reasonable job in simulating the concentration of O
3

and of other other tracers.
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Day	of	August
Day	of	August

Calculated	concentration	of	izone (in	ppbv)	for	some	cities	in	the	standard	model,	with	the	machine	learning	and	no	chemistry	

Evolution	of	errors	in	the	model	over	time.	Median	absolute	(left)	and	fractional	(right)	error	in	the	surface	ozone		(thickest	line)	

together	with	5,	24,75	and	95%	percentiles	as	a	function	of	the	date.	

Machine	learning	/	base	model	surface	mean	O
3
Aug

we statistically sub sample the

data and use ~20% of the

original training data.
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… and eventually becomes unstable

christoph.a.keller@nasa.gov

GEOS-Chem
Decision tree
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Summary
Ø Decision tree model does a good job at simulating 

model chemistry
Ø Potential applications:

• Chemical data assimilation
• Air quality forecasting

Ø Issues:
• Unstable long-term (>100 days)
• Dynamics for >200 chemical species is still slow

CHemistry of the 
Atmosphere through 
MachinE
LEarning for 
Optimizing 
Numerics. 

mat.evans@york.ac.uk :: christoph.a.keller@nasa.gov


