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Executive Summary
What is the single largest source of air pollution exposure in India? You would be perhaps surprised to
find that the answer, with a near consensus in the published scientific literature, is neither transportation
nor stubble burning. Instead, it seems to be the millions of households across the country burning solid
fuels like firewood in their homes for cooking, heating and other energy services. The resulting pollution
not only has an enormous health impact on the households themselves, but it likely accounts for a
quarter to a third of ambient air pollution across the country. Working towards ensuring universal access
to cleaner fuels like LPG should therefore be one of the pillars of India’s pollution control efforts.
When families burn solid fuels (like wood, dung and agricultural waste) in their homes, various kinds of
air pollutants are generated. One of the many pollutants emitted by this combustion of solid fuels is fine
particulate matter (PM2.5, particulate matter with aerodynamic diameter <2.5 µm). Exposure to PM2.5 has
been shown to cause a range of serious health problems, including respiratory and heart disease, and
can lead to early death.
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Household air pollution (HAP) is the term given to emissions of PM2.5 that are generated from household
solid fuel burning. People are exposed to HAP in homes where solid fuels are burned. Exposure to HAP
indoors, near the source of the pollution, is estimated to result in approximately 800,000 premature
deaths per year in India alone. HAP emitted indoors goes outdoors and is a leading contributor to
outdoor ambient air pollution. Other major sources of ambient air pollution in India include road
transport, the industrial sector, open biomass burning, coal-fed power plants, brick kilns, and construction
dust. Exposure to all ambient PM2.5 is estimated to result in approximately one million premature deaths
annually in India.
There have been seven published scientific studies to date that model the proportion of ambient air
pollution in India and associated deaths caused by HAP. From these studies, we find that HAP causes at
least 22% and as much as 52% of ambient PM2.5 in India (see Figure 1). The median estimate from these
studies is about 30%. Other sources like transportation, power plants, and industries are estimated to
contribute less towards ambient PM2.5 than HAP (Figure 1). Of course, within cities, especially highly
polluted ones like Delhi, sources like transportation and construction dust can contribute more locally.
There is a wide range of estimates in the literature. This spread results from differences in (1) the way
that air pollution models account for specific types of air pollution and chemistry (aerosol and trace gas
chemistry, meteorology, and other PM2.5 formation factors); (2) the resolution of the model (geographic
grid size), and (3) the years considered in the model. The definition of residential emissions also differs
between studies, with emission inventories including varying combinations of cooking, heating, and
lighting emissions, and some that also couple commercial emissions with residential emissions. Such
differences in inputs and modeling methods are not unusual in scientific studies.
Even the lowest of the estimates of contribution of HAP to ambient air pollution indicates that household
sources contribute to a significant portion of the large public health burden from ambient air pollution.
Across all studies, HAP contribution to average air pollution exposure in India is estimated to be about
60% higher than all coal use, 4x higher than open burning, and 11x higher than transportation in India.
Critically, this is in addition to the substantial risk households experience directly from the combustion
of these fuels. Put another way, in addition to the 800,000 premature deaths annually due to indoor
exposure to HAP, approximately another 300,000 (30% of one million) can be attributed to HAP due to
outdoor exposure. Cleaning up household fuel use thus both directly benefits those exposed to HAP
and has broader population benefits by reducing ambient air pollution.
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FIGURE 1: Percentage contribution towards
ambient PM2.5 in India. The height of the bars
shows the median value of contribution among
the published studies over India. The range
encompasses the highest and lowest estimates
among the published studies.

1. Introduction
Billions of people worldwide rely on unclean and
unhealthy household energy sources for cooking,
lighting and heating – despite major progress in recent
decades to address global poverty and development.
About 40% of humanity uses wood, agricultural residues
(such as rice straw), coal and other solid fuels for daily
cooking (Bonjour et al., 2013). The figure is likely even
higher if other energy services, such as lighting and
heating, are considered. A recent study (Lacey et al.,
2017) estimates that complete phase out of solid fuel
usage globally has the potential to avoid 10.5 (5.5-10.8)
million premature deaths from 2010-2050. In India alone,
about 160 million households rely on solid fuels for their
household energy needs (Venkataraman et al., 2010).
When these fuels are burned, they emit fine particles
(PM2.5), carbon monoxide (CO), and a range of other often
toxic products of incomplete combustion. Exposure1 to
“household air pollution” (HAP)—smoke from burning
solid fuels in the home—results in an estimated 800,000
premature deaths every year in India (Dandona et al.,
2017). Ambient, or outdoor, PM2.5 exposure in India
1
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India needs to act on each of the major sources for air
pollution levels to come closer to the national standards.
Given that the median estimate of contribution of HAP
to ambient PM2.5 is 30% and the lowest estimate is 22%,,
reducing emissions from household solid fuel use should
be a top priority for the Indian government. The Pradhan
Mantri Ujjwala Yojana (PMUY) is an important policy
effort in this direction. However, it is essential to look to
further expand the access of LPG to more beneficiaries,
and work towards ensuring sustained use of LPG by
households that have already joined the programme.
We should also redouble efforts—most likely, ensuring
access to reliable electricity— to substitute for other
household pollution sources, such as bathwater heating
and kerosene lighting. Averting 1.1 million premature
deaths annually need us to take bold strides towards
universal access to cleaner residential fuels.

causes approximately one million premature deaths
annually (Cohen et al., 2017). In combination, exposure
to household and ambient air pollution form the second
largest risk factor for ill-health in the country, after poor
child and maternal nutrition (Dandona et al., 2017; Wang
and GBD-Collaborators, 2016).
Perhaps not surprisingly, HAP contributes to ambient
air pollution, and ambient air pollution affects indoor
air quality. Ambient air pollution arises from a variety
of sources, including vehicles, power plants, industrial
processes, and crop waste burning. Pollutants from these
additional sources may infiltrate into the households
and contribute to household exposure (Baumgartner et
al., 2014). Household fuel burning also impacts ambient
air quality. Until recently, the household contribution to
ambient air pollution was under-recognized and poorly
characterized. The full impact of HAP is thus composed of
the exposures to HAP 1) inside and around a given house
and 2) from the household contribution to ambient air
pollution.
To the best of our knowledge, there have been seven
independent published estimates of the fraction of
ambient air pollution due to household fuel combustion,

BOX 1: Defining air pollution and air pollution emissions,
emissions inventories, concentrations, and exposures
Air pollution is a mixture of gases and particles that come from a variety of sources, including industry, automobiles,
household fuel use, and burning of agricultural fields (“open burning”). There are hundreds of substances in the
air, but very few of them can be easily and regularly measured. One that is often measured is particulate matter
with an aerodynamic diameter of less than 2.5 µm, or PM2.5. PM2.5 is so small that it cannot be seen unaided. It is
much smaller than a grain of sand, or even the width of a human hair. Exposure to PM2.5 is associated with adverse
health outcomes, including pulmonary and cardiovascular diseases. Many countries around the world regulate
PM2.5. It is commonly measured as part of government air monitoring networks and during research studies. In
areas where measurements are not possible, levels of PM2.5 can be estimated using mathematical models, such as
chemical transport models (See Box 2).
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Health studies focus on emissions, concentrations, and/or exposures to PM2.5. Emissions are expressed in release of
a pollutant per unit time, per activity, or per unit fuel burned (for instance, milligrams of PM2.5 per gram of wood or
coal combusted, or grams of PM2.5 per minute, or grams of PM2.5 per vehicle mile travelled). Emissions inventories
are databases of emissions – often at the state, national, or regional level – for a variety of air pollutants from a range
of sectors (industry, transport, residential, power generation, etc). These inventories are often based on available
measurement data and knowledge about each sector’s polluting activities at a given time. They are calculated by
multiplying activity data by emission factors for each of the source categories, and often for subcategories such as
types of combustion (e.g. coal, oil, natural gas) and traffic (e.g. light- and heavy-duty vehicles). Multiple institutions
around the world work extensively on developing separate emission inventories. There is no benchmark to which
the emission inventories developed by these institutions can be compared to decide the best available inventory
Concentrations are typically measured in terms of mass of pollutant per volume air. Concentrations change as
emitted pollutants interact with the environment. Air pollution exposure is often measured in the same units as
concentrations but takes into account whether and how people come in contact with pollutants. For example, a
small fire on a distant mountaintop, far from where people live, may lead to a high measured concentration at that
mountaintop, but may have little impact on people’s exposure, since they are far away from the pollution, which is
heavily diluted before it reaches them. Conversely, a cooking fire in a home may lead to both a high concentration
of air pollutants and a high level of exposure among those in the house.
starting with the first study in 2014 (Chafe et al., 2014).
These estimates vary in geographic scope – some are
global, while others focus on specific regions or countries.
In India, estimates of the fraction of ambient air pollution
attributable to HAP range from 22-52%. In contrast, other
major sources like transportation, power plants, and
industries are estimated to contribute 2-10%, 8-15%,
8-11% respectively Each independent estimate uses a
combination of different datasets, assumptions, time
periods, study domains, and other inputs.
The purpose of this policy paper is to explore the
large variation in the estimates for India and to note
commonalities and differences between the estimates.
In Section 2, we introduce the seven studies and their
estimates of the contribution of HAP to ambient
PM2.5 exposure. In Section 3, we delve deeper into the

comparisons between these estimates, and outline the
sources of differences. Section 4 discusses the policy
implications, and concludes.

2. Contribution of HAP to
ambient PM2.5

HAP is created when families burn solid fuels for cooking,
lighting, space and water heating. These emissions
contribute to air pollution exposure near where fuels are
used and then escape through openings in the home,
such as windows, doors, eaves, and chimneys, worsening
ambient air quality. Some households burn solid fuels
outdoors, and the emissions directly impact ambient PM2.5
concentrations (Lam et al., 2017). PM2.5 is emitted directly
from household fuel combustion and contributes both
“primary PM2.5” including black carbon (BC) and organic

The Contribution of Household Fuels to Ambient Air Pollution in India

•

MAY 2019

5

BOX 2: What is a chemical transport model (CTM) and what does it
estimate?
A chemical transport model (CTM) is a complex simulation of air quality that predicts pollutant concentrations
for a given space and time using a set of inputs. These inputs include emissions, meteorological conditions, and
chemical and physical processes. The model includes a set of numerical equations that simulate chemical reactions
taking place in the atmosphere.
Chemical transport models can be classified as Eulerian or Lagrangian. Eulerian CTMs describe the composition of
the atmosphere within a fixed space along which air flows. Lagrangian models describe the composition moving
with the air flow. These models employ different methods of incorporating physical and chemical parameters
such as precipitation microphysics, longwave and shortwave radiation, land surface classification, convective
parameterization, gas-phase chemistry, photolysis, aerosols, natural dust inventory, initial and boundary conditions
for chemistry, aerosols and meteorology.
Chemical transport models can be characterized as global or regional models according to their processing extent.
As simulating chemical transport models is computationally intensive and expensive, global chemical transport
models are simulated at a coarse spatial resolution, and are often not able to account for changes in meteorology,
topography etc. at a local scale. Regional chemical transport models, however, are simulated locally over a more
limited geographic domain, often at higher spatial resolution.
carbon (OC) and “secondary PM2.5 ” formed as emissions
of sulfur dioxide (SO2), nitrogen oxides, volatile organic
compounds, and semi-volatile organic compounds react
in the air downwind from the stove (Fleming et al., 2018;
Reece et al., 2017).
Seven modelling studies (Chafe et al., 2014; Lelieveld
et al., 20152; Butt et al., 2016; Silva et al., 2016; www.
urbanemissions.info; Conibear et al., 2018; GBD-MAPS
Working Group, 2018) have estimated that, for India,
HAP contributes to between 22-52% of ambient PM2.5
exposure. These studies used either global or regional
chemical transport models (CTM, See Box 2) paired with
source-specific emission inventory data (see Box 1 for
discussion on emission inventories) to apportion total
ambient PM2.5 to specific sources. These source categories
vary by emission inventory but often include household/
residential, industry, power generation, traffic/on-road
vehicles,agricultural biomass burning,brick kilns,the more
general category of all “anthropogenic” emissions, and
dust (sometimes divided into crustal or anthropogenic).
Each of these studies estimates exposure by weighting
the distribution of pollutant concentrations by the
population distribution in the country.
Figure 2 depicts the percent of ambient PM2.5 that can be
attributed to HAP as estimated by these studies.This range
2 Lelieveld et al., 2015 includes the impact of both PM2.5 and O3 on
premature mortality burden.
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FIGURE 2: Contribution of HAP towards
ambient PM2.5 as estimated by the seven
studies. All estimates except Lelieveld and Butt
are population-weighted.

of estimates can be hard to interpret for lay audiences
and may lead to disagreement among policymakers on
(1) where HAP control falls amongst other emissions
control strategies and on (2) the magnitude of expected
implications of PM control policies. The next section will
seek to clarify the sources of these differences.

3. Comparing existing estimates

Model configuration and model type

This section explains the similarities and differences
between the seven studies’assessment of the contribution
of HAP to ambient air pollution in India. We identify the
seven studies as Chafe (Chafe et al., 2014), Lelieveld
(Lelieveld et al., 2015), Butt (Butt et al., 2016), Silva (Silva
et al., 2016), urbanemissions.info (urbanemisssions.info),
MAPS (GBD- MAPS Working Group, 2018; Venkataraman
et al., 2018), and Conibear (Conibear et al., 2018).

The models used in the seven studies employ different
methods of incorporating physical and chemical processes
(see Box 2) necessary to predict time-varying PM2.5
concentrations. Therefore, their performance depends on
the choice of (1) simulation timestep, (2) horizontal and
vertical resolutions of initial and boundary conditions
for chemistry, aerosols and (3) meteorology. Most
atmospheric CTMs underestimate PM2.5 concentrations
over India, which necessitates correction using remote
sensing and in-situ, locally-available ground-based data
(Brauer et al., 2012; Chowdhury et al., 2018).

Given the challenges in interpreting the findings from
these seven studies, we detail below how changing each
of the major driving factors could introduce variability
among the estimates. It should be noted that these
challenges prevail during inter-comparison of all the
possible model outputs and is not entirely specific to
estimation of the fraction contribution of HAP towards
ambient PM2.5. These challenges call for large model intercomparison initiatives to detect the sensitivity of model
inputs as in (Ding et al., 2017; Trombetti et al., 2018) or
generation of cumulative ensemble from the wide range
of variation in the estimated output variable (Meehl et
al., 2000).

Studies urbanemissions.info, MAPS and Conibear used
regional CTMs. Regional CTMs are often optimized to
suit local conditions better. Therefore, these three studies
are expected to provide more accurate estimates of
PM2.5 exposure for India; the relative share of HAP to
ambient PM2.5 is thus expected to be different from
Leileveld, Butt and Silva who use global CTMs’. However,
this hypothesis needs to be verified for Indian conditions
through rigorous inter-model comparison studies (Dore
et al., 2015; Prank et al., 2016). On the other hand, aerosol
transport across regions and geographic boundaries is
better captured in the global CTMs (as used in Lelieveld,
Butt and Silva) by virtue of their larger geographic extent.
Limiting transport of pollution, as the regional models do,
may lead to underestimation of ambient PM2.5 (thereby
enhancing the relative share of HAP).

POLICY BRIEF

All seven studies use different CTMs with disparate
emissions inventories, model configurations and
meteorological inputs. This is not unusual, as air pollution
models are developed by a variety of research groups
and organizations to answer different questions, using
different data inputs, over different time periods, and with
different spatial resolutions. We note that the estimates
presented in each of the studies would likely vary if the
input data were changed or tweaked relative to the
configuration used in the respective study. For example,
if researchers coordinated meteorological inputs or
defined emissions categories differently, the estimates
of the contribution of HAP to ambient air pollution
would change. The magnitude of these changes is
difficult to predict. Variability among the presented CTM
results are distinct from model error, which occurs due
to propagation of internal error in the model equations,
error in the meteorological data, and error in formulations
of emission inventory. It should also be noted that specific
model configurations may make perfectly aligning input
variables impossible to administer due to due to different
spatial resolution, source classes, included species, etc.

It should be noted that choosing a different model
of the same type as employed in the study will also
introduce variability due to differences in how models
are configured. Similarly, meteorological data (listed in
Table 1) used in the models modulates the life-cycle of
simulated aerosols (i.e. transport pattern, atmospheric
processes and removal via wet and dry deposition).
Changing the meteorological inputs would also change
model estimates. This may be attributed to inter-annual
variation of meteorological parameters and sources of
meteorological data. For example, using meteorological
parameters from two different years will provide two
distinct outputs. Similarly, using meteorological inputs
for the same year but from different data sources would
provide different output.
Each of the above-mentioned studies utilize emission
inventories and meteorological data for different years,
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WRF-Chem NCEP,2014

** P in parenthesis if the estimates are population weighted.

Conibear et al.,
2018

Conibear

30km x 30km

0.5º x 0.67º

GEOS,2015

GEOSChem

GBD-MAPS
Working Group,
2018

MAPS

0.25º x 0.25º

WRF-CAMx NCEP,2013
www.
urbanemissions.
info

2.8º x 2.8º

Urbanemissions.
info

ECMWF, 2000

1.1º x 1.1º

0.5º x 0.67º

GLOMAP

ECHAM, 2010

GEOS,2005

Butt et al., 2016

Butt

ECHAM5

Silva et al., 2016 MOZART-4

Lelieveld et al.,
2015

Lelieveld

regional scale,
(concerned estimate
is provided for South
Asia)

Meteorology Model Horizontal
used to force resolution

TM5-FASST ECMWF, 2010

Model
Used

Silva

Chafe et al.,
2014

Chafe

Study Name,
Year

Yes

Yes

Yes

Yes

Yes

EDGAR-HTAP

Various sources

Various sources

RCP

Various sources

EDGAR

GAINS

Yes

Yes

Emission
Inventory
used

Secondary
particle
formation
included?
26 (P)

Cooking

Space heating, cooking, emission 22
from local and commercial energy
use from small combustion
sources

Space heating, cooking, emission Up to 50
from local and commercial energy
use from small combustion
sources, diesel generator sets

% of ambient
PM2.5 from
HAP**

Residential emission
considered

23.9 (P)

52 (P)

Cooking, space heating water
heating, lighting

small scale supplemental engines
for residential, commercial,
agricultural, solid waste and
wastewater treatment plants,
Cooking, space heating water
heating, lighting
Agricultural, biomass burning, dust, power
generation, industrial non power, residential
energy use and land transport.

Residential biomass, total coal, industrial
coal, powerplant coal, open burning,
transportation, brick production, distributed
diesel, anthropogenic dust and total dust

29.6 (P)

Residential (cooking, heating, and lighting), Cooking, space heating, water
heating, lighting
all industries (including power, bricks), all
transport (road, rail, air, and water), natural
and resuspended dust, open fires, seasalt and
lightning, open waste burning, and some
miscellaneous sources

Residential and commercial, energy, industry, Space heating, cooking, emission 42.8 (P)
land transport, shipping and aviation
from local and commercial energy
use from small combustion
sources

Energy sources and distribution, industry,
land transport, maritime transport,
residential and commercial, agricultural
waste burning

Natural, industry, land transport, residential
and commercial energy, power generation,
biomass burning, agriculture

Natural, industry, land transport, residential
and commercial energy, power generation,
biomass burning, agriculture

Emission sources considered

TABLE 1: DETAILED INFORMATION OF THE STUDIES WHICH WERE COMPARED IN THIS STUDY

Another major model property that may lead to varied
results is the model grid size or horizontal resolution.
Models that simulate at finer resolutions in higher detail
are computationally intense, but allow more resolved
analyses. For example, models that simulate at coarse
resolutions are usually incapable of identifying pollution
hotspots or the distribution of populations within urban
regions, which may affect the mean of populationweighted estimates. There are studies which indicate
that the choice of model resolution may not necessarily
be the leading cause of uncertainty(Lelieveld et al., 2015).
These uncertainties are not presented to undermine the
utility or value of these models. Rather, we emphasize the
relative consistency of estimates given the heterogeneity
in emissions inventories, time scales, and geographic
resolutions evaluated. The overall strength of the
association indicates the importance of household
sources as a contributor to ambient air pollution over
India.
Table 1 lists the horizontal resolution at which the models
are simulated. Though the TM5 model used in Chafe is
simulated at 1º x 1 º resolution the study reports results at
regional (South Asia) level. As the results are populationweighted, and India accounted for 77% of the South
Asia regional population in 2010, the authors claim the
fraction contribution of HAP towards ambient PM2.5
in South Asia as indicative of the proportion for India.3
Lelieveld applies a model grid of 1.1°, and aggregates
emissions to this resolution from the global EDGAR
inventory at 0.1° (~10km). Studies urbanemissions.
info and Conibear, which simulate at 25km x 25km and
3 The countries included in South Asia regional grouping are
Afghanistan, Bangladesh, Bhutan, India, Nepal, Pakistan. Population
total for this region for 2010 was 1.591 billion. Proportion that lived
in India was 77%, or 1.231 billion. The claims are verified by additional
calculations undertaken for this review.

30km x 30km resolution respectively, are best equipped
to capture the spatial heterogeneity in PM2.5 pollution
and hence the heterogeneity in the contribution of HAP
towards ambient PM2.5 levels.

Emission Inventories
The selection of an emissions inventory plays a major role
in determining how accurately models simulate ambient
PM2.5 concentrations over the Indian region. Use of
inventories which fail to incorporate detail of household
activities (e.g. type and duration of solid fuel used in
each household) in the Indian region may result in large
uncertainty. There is also significant heterogeneity in
how sources get categorized and grouped (discussed in
more detail below).
It is expected that the emission inventories designed
in India (Pandey et al., 2014; Pandey and Venkataraman,
2014; Sadavarte and Venkataraman, 2014)for research
and regulatory applications including reporting to
international conventions, needs treatment of detailed
technology divisions and high-emitting technologies.
Here we estimate Indian emissions, for 1996-2015, of
aerosol constituents (PM2.5, BC and OC incorporate
much finer detail than global emission inventories, which
are not as explicit. For example, recent Indian inventories
take into account space and water heating behaviors
observed in parts of India where it has been assumed
non-existent in other inventories. It is difficult to compare
how different emission inventories perform over India
until a single CTM is run each of these, to estimate PM2.5
and subsequently validate against in-situ measurement
data. This is a massive task, well beyond the scope of this
review. It will, however, be undertaken under National
Carbonaceous Aerosol Program of MoEFCC (Ministry of
Environment Forest and Climate Change).

POLICY BRIEF

which does not allow direct comparison among the
estimates. For example, Silva simulated their CTM using
2005 meteorology and emission data while Conibear
ran simulations using 2014 meteorology and 2010
emission inventory. Direct comparison between these
two studies would have to consider multiple factors,
including the change in the population using solid fuel
in India (from 73% to 62% between 2005 and 2010) and
changes in meteorological factors like wind speed , mean
temperature and relative humidity between 2005 and
2010.

The studies reviewed here used a variety of emissions
inventories with different classifications of the residential
sector. Some inventories, like those used in Lelieveld,
Butt and Silva, use the term ‘residential and commercial
sector,’ which defines HAP emissions to be originating
both from households as well as from the commercial
sector. They take into consideration that both of these
types of activities use similar fuels for similar purposes.
For example, Lelieveld uses an emissions inventory
which includes small commercial combustion for
space heating and cooking, diesel generator sets, and
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biomass for uses other than cooking. These inclusions
add about 5% more emissions on top of those from
households. Similarly, the emission inventory used in
Conibear for residential energy combines emissions
from small scale supplemental engines for residential,
commercial, agricultural, solid waste and wastewater
treatment plants with emissions from households. The
estimates from Lelieveld, Silva4, Butt and Conibear thus
consider sources beyond household sources and tend
to provide a higher estimate of contribution of HAP
towards ambient PM2.5.
In contrast, the estimates from Chafe, Urbanemissions,
and MAPS focus more explicitly on household-level
emissions. Chafe uses the cooking emissions only from
the residential sector of the GAINS emission inventory
and do not consider end uses from other household
energy services. Urbanemissions.info and MAPS use
emissions inventories which include only conventional
sources like cooking, water heating, space heating and
lighting activities in the residential sector. .
A detailed inter-emission inventory comparison may
help better understand how these additional sources
(besides the conventional household sources) impact
estimates of the contribution of household emissions to
ambient air pollution5. For example, the EDGAR HTAP_v2.2
emission inventory used in the Conibear study has larger
residential sector emissions than in MAPS : 1.2x higher
PM2.5 emissions, 4x higher SO2 emission, 3x higher NOx
emission and 1.3x higher NMVOC emission. This results
in residential emission contributing to about 56% of total
primary PM2.5 emissions as compared to 44% in MAPS. .

4. Policy perspectives
Regardless of the variations in model types,
configurations and the emission inventories used in
the abovementioned seven studies, all of them identify
residential emissions as a leading contributor to ambient
PM2.5 in India, with a median estimate of 30%. Even the
lowest estimate of the contribution of HAP to ambient air
pollution indicates that household sources contribute
to a significant portion of the large premature mortality
burden from exposure from ambient air pollution.
Across all studies, HAP contribution to premature
mortality burden is (median (range)) 58% (38-83) higher
4 Silva estimates ambient PM2.5 from anthropogenic sources and does
not consider natural dust and sea salt. Thus, the fraction of HAP that
they attribute to ambient PM2.5 is potentially exaggerated.
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than that due to all coal use, 303% (248-372) higher than
open burning, and 1056% (914-1245) higher than due
to transportation in India (GBD-MAPS Working Group,
2018). This is, as mentioned above, in addition to the risk
households experience directly from the combustion of
these fuels. Cleaning up household fuel use thus both
directly benefits those exposed to HAP and has broader
population benefits by reducing ambient air pollution.
These findings necessitate immediate action and
demand formulation of extensive policies to reduce HAP.
Starting in 2015, the Government of India (Ministry of
Power, Government of India, 2014; Ministry of Petroleum
and Natural Gas Government of India, 2016) embarked
upon an ambitious program to tackle HAP, promoting
use of liquefied petroleum gas (LPG) for cooking. It will
soon be possible to discern the impacts of this policy on
outdoor air pollution levels in India using quantitative
information from the government, but additional
substitution of clean burning fuels for other residential
uses like heating needs to be warranted. In states with
low Socio-Demographic Index (SDI) like Bihar, Uttar
Pradesh, Madhya Pradesh, Orissa, Jharkhand, Rajasthan,
Chattisgarh and Assam where about 72.1% (71.1-73) of
people use solid fuels for cooking (Balakrishnan et al.,
2019) and the annual ambient PM2.5 is around 125.3(87.5167.3)µg/m3(Balakrishnan et al., 2019) these mitigation
programs are expected to harbor major health benefits.
In addition, increased attention to enhancing usage of
such fuels in addition to access may be needed(Smith,
2018; Smith and Pillarisetti, 2017).
There is value in continuing to explore methods to refine
model output. Primary among these is the uncertainty
in emission inventories (Li et al., 2017; Zhao et al., 2011),
which we believe can be improved by gathering more
refined energy service utilization data – for instance,
better data on primary and secondary fuel use5 through
the use of nationally representative surveys. These
activities are being promoted globally through the World
Health Organization’s efforts to harmonize household
energy surveys6. Such activities will help add nuance to
our understanding of energy use at more highly resolved
spatial scales and contribute to more accurate emissions
inventories, in addition to enabling better tracking
5 Primary fuel indicates the major/dominant fuel used in the
households (for cooking, heating and lighting), secondary fuel
indicates the alternate fuel used for household purposes
6 http://www.who.int/airpollution/household/harmonized-survey/en/

Second, modelers may find value in comparing and
refining CTM output. CTM output should be evaluated
against available ground-based measurements to better
understand their reliability. With respect to estimates of
the contribution of HAP to ambient PM2.5, we cannot fully
understand the effects of employing diverse modeling
techniques until simulation of multiple chemical transport
models are performed with a single emission inventory.
To understand the effect of emission inventories, a
single atmospheric chemistry model should be run
with each of the different emission inventory estimates.
Running a single atmospheric chemistry model in this
way would allow us to understand the role of emission
inventories in arriving at the estimate of contribution of
HAP towards ambient PM2.5. Additionally, observational
source apportionment studies should be used to validate
the source apportionment information obtained from
a CTM to obtain confidence on use of the CTM in such
studies.. Furthermore, to tune the performance of the
CTMs in estimating the contribution of HAP towards
ambient PM2.5, emission inventories should be updated
with subtle information at household level (like isolating
household emissions by gathering data on primary and
secondary fuel use at household level and focusing on
better understanding energy use by household energy
service), this must be formulated with help of national
and representative surveys.
MAPS depict spatial heterogeneity of contribution of
HAP towards ambient PM2.5. The study establishes that
the percentage contribution of HAP towards ambient
PM2.5 is higher in the eastern and north-eastern states
of India like Bihar (~38%), West Bengal (~32%), Uttar
Pradesh (~32%) and Assam (~30%) than in states in
southern and western India like Telengana (~21%), Goa
(~12%) and Gujarat (~10%). Overall, the large range (22%52%) of estimates of the contribution of HAP to ambient
air pollution published in the 7 studies performed thus
far may be confusing for the policy makers to interpret.
Put another way, consider a state in east India, like West
Bengal which has an annual PM2.5 exposure of 80µg/m3,
if the policy makers target achieving the Indian Standard
of 40µg/m3 and they adopt Conibear for framing their
policies, then just mitigating the HAP by ensuring 100%
clean fuel (like using cookstove powered by solar panels,

we acknowledge that LPG usage may not result in zero
household emission, however the introductory initiative
in India is correctly undertaken by sheathing the solid fuel
using community with LPG) use for household purposes
would get the job done, but conversely if the policy
makers adopt MAPS as the reference, just mitigating
HAP would reduce the ambient PM2.5 exposure to 55µg/
m3 , which implies that subsequent mitigation measures
should be applied to other sectors to achieve the goal
of attaining the Indian Standard of 40µg/m3. Hence the
range in these seven studies show that HAP should be
a sector of great concern for policymakers intent on
improving air quality in India, especially to obtain the
Indian National Ambient Air Quality Standard of 40µg/
m3 or WHO-Interim Targets. As models and emissions
inventories are refined, we suggest the median estimate
from available studies, i.e. ~30%, as a reasonable overall
estimate of the amount of ambient PM2.5 exposures that
are due to household emissions in India.

POLICY BRIEF

of progress on meeting energy-related Sustainable
Development Goals.

As a next step, we call for energy, air pollution, and health
researchers to harmonize the estimates of the contribution
of HAP to ambient PM2.5 by collaborating on a publiclyavailable, standard format for emissions inventories
that quantifies sectoral emissions as consistently and as
precisely as possible. Specifically, household emissions
should be separated from commercial emissions, to the
extent possible; and household emissions should then be
further divided into emissions from household cooking,
household heating, household lighting, and household
water heating. Estimates should be internationallycomparable and informed by both local data sources
and by international data repositories and projections,
such as those published by the International Energy
Agency. Given that such a large proportion of India’s fine
particulate air pollution originates from the daily use of
solid fuels to cook food and heat homes, it is imperative
that policymakers focus attention and resources on
programs and strategies that will empower households
to choose cleaner methods of meeting their basic energy
needs. Seven studies have shown that household air
pollution is a source of India’s particulate air pollution
crisis that can no longer be downplayed or ignored.
New policies are urgently needed to enable households
to switch away from solid fuels and thus reduce the
contribution of household air pollution to India’s ambient
air pollution.

The Contribution of Household Fuels to Ambient Air Pollution in India

•

MAY 2019

11

References
Balakrishnan, K., Dey, S., Gupta, T., Dhaliwal, R.S., Brauer,
M., Cohen, A.J., Stanaway, J.D., Beig, G., Joshi, T.K.,
Aggarwal, A.N., Sabde, Y., Sadhu, H., Frostad, J.,
Causey, K., Godwin, W., Shukla, D.K., Kumar, G.A.,
Varghese, C.M., Muraleedharan, P., Agrawal, A.,
Anjana, R.M., Bhansali, A., Bhardwaj, D., Burkart, K.,
Cercy, K., Chakma, J.K., Chowdhury, S., Christopher,
D.J., Dutta, E., Furtado, M., Ghosh, S., Ghoshal, A.G.,
Glenn, S.D., Guleria, R., Gupta, R., Jeemon, P., Kant,
R., Kant, S., Kaur, T., Koul, P.A., Krish, V., Krishna, B.,
Larson, S.L., Madhipatla, K., Mahesh, P.A., Mohan,
V., Mukhopadhyay, S., Mutreja, P., Naik, N., Nair, S.,
Nguyen, G., Odell, C.M., Pandian, J.D., Prabhakaran,
D., Prabhakaran, P., Roy, A., Salvi, S., Sambandam,
S., Saraf, D., Sharma, M., Shrivastava, A., Singh, V.,
Tandon, N., Thomas, N.J., Torre, A., Xavier, D., Yadav,
G., Singh, S., Shekhar, C., Vos, T., Dandona, R., Reddy,
K.S., Lim, S.S., Murray, C.J.L., Venkatesh, S., Dandona,
L., 2019. The impact of air pollution on deaths,
disease burden, and life expectancy across the
states of India: the Global Burden of Disease Study
2017. Lancet Planet. Heal. 3, e26–e39. https://doi.
org/10.1016/S2542-5196(18)30261-4
Baumgartner, J., Zhang, Y., Schauer, J.J., Huang, W., Wang,
Y., Ezzati, M., 2014. Highway proximity and black
carbon from cookstoves as a risk factor for higher
blood pressure in rural China. Proc. Natl. Acad.
Sci. 111, 13229–13234. https://doi.org/10.1073/
pnas.1317176111
Bonjour, S., Adair-Rohani, H., Wolf, J., Bruce, N.G., Mehta,
S., Prüss-Ustün, A., Lahiff, M., Rehfuess, E. a., Mishra,
V., Smith, K.R., 2013. Solid fuel use for household
cooking: Country and regional estimates for
1980-2010. Environ. Health Perspect. 121, 784–790.
https://doi.org/10.1289/ehp.1205987
Brauer, M., Amann, M., Burnett, R.T., Cohen, A., Dentener,
F., Ezzati, M., Henderson, S.B., Krzyzanowski, M.,
Martin, R. V, Van Dingenen, R., van Donkelaar,
A., Thurston, G.D., 2012. Exposure assessment
for estimation of the global burden of disease
attributable to outdoor air pollution. Environ.
Sci. Technol. 46, 652–60. https://doi.org/10.1021/
es2025752
Butt, E.W., Rap, A., Schmidt, A., Scott, C.E., Pringle, K.J.,
Reddington, C.L., Richards, N.A.D., Woodhouse, M.T.,
Ramirez-Villegas, J., Yang, H., Vakkari, V., Stone, E.A.,
Rupakheti, M., Praveen, P.S., Van Zyl, P.G., Beukes,
J.P., Josipovic, M., Mitchell, E.J.S., Sallu, S.M., Forster,
P.M., Spracklen, D. V., 2016. The impact of residential
combustion emissions on atmospheric aerosol,
human health, and climate. Atmos. Chem. Phys. 16,
873–905. https://doi.org/10.5194/acp-16-873-2016
Chafe, Z. a, Brauer, M., Klimont, Z., Van Dingenen, R.,

12

Collaborative Clean Air Policy Centre

• MAY 2019

Mehta, S., Rao, S., Riahi, K., Dentener, F., Smith,
K.R., 2014. Household cooking with solid fuels
contributes to ambient PM2.5 air pollution and the
burden of disease. Environ. Health Perspect. 122,
1314–20. https://doi.org/10.1289/ehp.1206340
Chowdhury, S., Dey, S., Smith, K.R., 2018. Ambient
PM<inf>2.5</inf>exposure and expected
premature mortality to 2100 in India under
climate change scenarios. Nat. Commun. 9. https://
doi.org/10.1038/s41467-017-02755-y
Cohen, A.J., Brauer, M., Burnett, R., Anderson, H.R.,
Frostad, J., Estep, K., Balakrishnan, K., Brunekreef,
B., Dandona, L., Dandona, R., Feigin, V., Freedman,
G., Hubbell, B., Jobling, A., Kan, H., Knibbs, L., Liu, Y.,
Martin, R., Morawska, L., Pope, C.A., Shin, H., Straif,
K., Shaddick, G., Thomas, M., van Dingenen, R., van
Donkelaar, A., Vos, T., Murray, C.J.L., Forouzanfar,
M.H., 2017. Estimates and 25-year trends of the
global burden of disease attributable to ambient
air pollution: an analysis of data from the Global
Burden of Diseases Study 2015. Lancet 389,
1907–1918. https://doi.org/10.1016/S01406736(17)30505-6
Conibear, L., Butt, E.W., Knote, C., Arnold, S.R., Spracklen,
D. V., 2018. Residential energy use emissions
dominate health impacts from exposure to
ambient particulate matter in India. Nat. Commun.
9, 1–9. https://doi.org/10.1038/s41467-018-029867
Dandona, L., Dandona, R., Kumar, G.A., Shukla, D.K., Paul,
V.K., Balakrishnan, K., Prabhakaran, D., Tandon,
N., Salvi, S., Dash, A.P., Nandakumar, A., Patel, V.,
Agarwal, S.K., Gupta, P.C., Dhaliwal, R.S., Mathur,
P., Laxmaiah, A., Dhillon, P.K., Dey, S., Mathur, M.R.,
Afshin, A., Fitzmaurice, C., Gakidou, E., Gething,
P., Hay, S.I., Kassebaum, N.J., Kyu, H., Lim, S.S.,
Naghavi, M., Roth, G.A., Stanaway, J.D., Whiteford,
H., Chadha, V.K., Khaparde, S.D., Rao, R., Rade, K.,
Dewan, P., Furtado, M., Dutta, E., Varghese, C.M.,
Mehrotra, R., Jambulingam, P., Kaur, T., Sharma,
M., Singh, S., Arora, R., Rasaily, R., Anjana, R.M.,
Mohan, V., Agrawal, A., Chopra, A., Mathew, A.J.,
Bhardwaj, D., Muraleedharan, P., Mutreja, P.,
Bienhoff, K., Glenn, S., Abdulkader, R.S., Aggarwal,
A.N., Aggarwal, R., Albert, S., Ambekar, A., Arora,
M., Bachani, D., Bavdekar, A., Beig, G., Bhansali, A.,
Bhargava, A., Bhatia, E., Camara, B., Christopher,
D.J., Das, S.K., Dave, P. V, Dey, S., Ghoshal, A.G.,
Gopalakrishnan, N., Guleria, R., Gupta, R., Gupta,
S.S., Gupta, T., Gupte, M.D., Gururaj, G., Harikrishnan,
S., Iyer, V., Jain, S.K., Jeemon, P., Joshua, V., Kant,
R., Kar, A., Kataki, A.C., Katoch, K., Khera, A., Kinra,
S., Koul, P.A., Krishnan, A., Kumar, A., Kumar, R.K.,
Kumar, R., Kurpad, A., Ladusingh, L., Lodha, R.,

https://doi.org/10.1088/1748-9326/aa98cc
Lelieveld, J., Evans, J.S., Fnais, M., Giannadaki, D., Pozzer,
A., 2015. The contribution of outdoor air pollution
sources to premature mortality on a global scale.
https://doi.org/10.1038/nature15371
Li, M., Liu, H., Geng, G., Hong, C., Liu, F., Song, Y., Tong, D.,
Zheng, B., Cui, H., Man, H., Zhang, Q., He, K., 2017.
Anthropogenic emission inventories in China:
A review. Natl. Sci. Rev. 4, 834–866. https://doi.
org/10.1093/nsr/nwx150
MAPS Working Group, G., 2018. Burden of Disease
Attributable to Major Air Pollution Sources in India.
Meehl, G.A., Boer, G.J., Covey, C., Latif, M., Stouffer, R.J.,
2000. The Coupled Model Intercomparison
Project (CMIP). Bull. Am. Meteorol. Soc. 81,
313–318. https://doi.org/10.1175/15200477(2000)081<0313:TCMIPC>2.3.CO;2
Ministry of Petroleum and Natural Gas Government
of India, 2016. Pradhan Mantri Ujjwala Yojana Scheme Guidelines.
Ministry of Power Governmnet of India, 2014. Guidelines:
Deendayal Upadhyaya Gram Jyoti Yojana
(DDUGJY), Www.Rggvy.Gov.in.
Pandey, A., Sadavarte, P., Rao, A.B., Venkataraman, C.,
2014. Trends in multi-pollutant emissions from a
technology-linked inventory for India: I. Industry
and transport sectors. Atmos. Environ. 99, 353–364.
https://doi.org/10.1016/j.atmosenv.2014.09.081
Pandey, A., Venkataraman, C., 2014. Estimating emissions
from the Indian transport sector with on-road
fleet composition and traffic volume. Atmos.
Environ. 98, 123–133. https://doi.org/10.1016/j.
atmosenv.2014.08.039
Prank, M., Sofiev, M., Tsyro, S., Hendriks, C., Semeena, V.,
Francis, X.V., Butler, T., Van Der Gon, H.D., Friedrich,
R., Hendricks, J., Kong, X., Lawrence, M., Righi,
M., Samaras, Z., Sausen, R., Kukkonen, J., Sokhi,
R., 2016. Evaluation of the performance of four
chemical transport models in predicting the
aerosol chemical composition in Europe in 2005.
Atmos. Chem. Phys. 16, 6041–6070. https://doi.
org/10.5194/acp-16-6041-2016
Reece, S.M., Sinha, A., Grieshop, A.P., 2017. Primary and
Photochemically Aged Aerosol Emissions from
Biomass Cookstoves: Chemical and Physical
Characterization. Environ. Sci. Technol. 51, 9379–
9390. https://doi.org/10.1021/acs.est.7b01881
Sadavarte, P., Venkataraman, C., 2014. Trends in multipollutant emissions from a technology-linked
inventory for India: I. Industry and transport
sectors. Atmos. Environ. 99, 353–364. https://doi.
org/10.1016/j.atmosenv.2014.09.081

The Contribution of Household Fuels to Ambient Air Pollution in India

•

MAY 2019

POLICY BRIEF

Mahesh, P.A., Malhotra, R., Mathai, M., Mavalankar,
D., Mohan BV, M., Mukhopadhyay, S., Murhekar,
M., Murthy, G.V.S., Nair, S., Nair, S.A., Nanda, L.,
Nongmaithem, R.S., Oommen, A.M., Pandian, J.D.,
Pandya, S., Parameswaran, S., Pati, S., Prasad, K.,
Prasad, N., Purwar, M., Rahim, A., Raju, S., Ramji,
S., Rangaswamy, T., Rath, G.K., Roy, A., Sabde, Y.,
Sachdeva, K.S., Sadhu, H., Sagar, R., Sankar, M.J.,
Sharma, R., Shet, A., Shirude, S., Shukla, R., Shukla,
S.R., Singh, G., Singh, N.P., Singh, V., Sinha, A.,
Sinha, D.N., Srivastava, R.K., Srividya, A., Suri, V.,
Swaminathan, R., Sylaja, P.N., Tandale, B., Thakur, J.S.,
Thankappan, K.R., Thomas, N., Tripathy, S., Varghese,
M., Varughese, S., Venkatesh, S., Venugopal, K.,
Vijayakumar, L., Xavier, D., Yajnik, C.S., Zachariah, G.,
Zodpey, S., Rao, J.V.R.P., Vos, T., Reddy, K.S., Murray,
C.J.L., Swaminathan, S., 2017. Nations within a
nation: variations in epidemiological transition
across the states of India, 1990–2016 in the Global
Burden of Disease Study. Lancet 6736, 1–24.
https://doi.org/10.1016/S0140-6736(17)32804-0
Ding, J., Miyazaki, K., Van Der A, R.R., Mijling, B., Kurokawa,
J.I., Cho, S.Y., Janssens-Maenhout, G., Zhang, Q., Liu,
F., Felicitas Levelt, P., 2017. Intercomparison of NOx
emission inventories over East Asia. Atmos. Chem.
Phys. 17, 10125–10141. https://doi.org/10.5194/
acp-17-10125-2017
Dore, A.J., Carslaw, D.C., Braban, C., Cain, M., Chemel,
C., Conolly, C., Derwent, R.G., Griffiths, S.J., Hall, J.,
Hayman, G., Lawrence, S., Metcalfe, S.E., Redington,
A., Simpson, D., Sutton, M.A., Sutton, P., Tang, Y.S.,
Vieno, M., Werner, M., Whyatt, J.D., 2015. Evaluation
of the performance of different atmospheric
chemical transport models and inter-comparison
of nitrogen and sulphur deposition estimates for
the UK. Atmos. Environ. 119, 131–143. https://doi.
org/10.1016/j.atmosenv.2015.08.008
Fleming, L.T., Weltman, R., Yadav, A., Edwards, R.D., Arora,
N.K., Pillarisetti, A., Meinardi, S., Smith, K.R., Blake,
D.R., Nizkorodov, S.A., 2018. Emissions from village
cookstoves in Haryana, India and their potential
impacts on air quality. Atmos. Chem. Phys. Discuss.
1–21. https://doi.org/10.5194/acp-2018-487
Lacey, F.G., Henze, D.K., Lee, C.J., van Donkelaar, A., Martin,
R. V., 2017. Transient climate and ambient health
impacts due to national solid fuel cookstove
emissions. Proc. Natl. Acad. Sci. 114, 1269–1274.
https://doi.org/10.1073/pnas.1612430114
Lam, N.L., Upadhyay, B., Maharjan, S., Jagoe, K., Weyant,
C.L., Thompson, R., Uprety, S., Johnson, M.A., Bond,
T.C., 2017. Seasonal fuel consumption, stoves, and
end-uses in rural households of the far-western
development region of Nepal. Environ. Res. Lett. 12.

13

Silva, R.A., Adelman, Z., Fry, M.M., West, J.J., 2016. The
impact of individual anthropogenic emissions
sectors on the global burden of human mortality
due to ambient air pollution. Environ. Health
Perspect. 124, 1776–1784. https://doi.org/10.1289/
EHP177
Smith, K.R., 2018. Pradhan Mantri Ujjwala Yojana:
Transformation of Subsidy to Social Investment
in India, in: Ch 29 in Debroy B, Gangul A, Desai K
(Eds) Making of New India: Transformation Under
Modi Government, Dr. Syama Prasad Mookerjee
Research Foundation and Wisdom Tree, New Delhi.
pp. 401–410.
Smith, K.R., Pillarisetti, A., 2017. Household air pollution
from solid cookfuels and Its Effects on Health
133–152.
Trombetti, M., Thunis, P., Bessagnet, B., Clappier, A.,
Couvidat, F., Guevara, M., Kuenen, J., LópezAparicio, S., 2018. Spatial inter-comparison of
Top-down emission inventories in European urban
areas. Atmos. Environ. 173, 142–156. https://doi.
org/10.1016/j.atmosenv.2017.10.032
Venkataraman, C., Brauer, M., Tibrewal, K., Sadavarte,
P., Ma, Q., Cohen, A., Chaliyakunnel, S., Frostad, J.,
Klimont, Z., Martin, R. V., Millet, D.B., Philip, S., Walker,

14

Collaborative Clean Air Policy Centre

• MAY 2019

K., Wang, S., 2018. Source influence on emission
pathways and ambient PM2.5pollution over India
(2015-2050). Atmos. Chem. Phys. 18, 8017–8039.
https://doi.org/10.5194/acp-18-8017-2018
Venkataraman, C., Sagar, A.D., Habib, G., Lam, N., Smith,
K.R., 2010. The Indian National Initiative for
Advanced Biomass Cookstoves: The benefits of
clean combustion. Energy Sustain. Dev. 14, 63–72.
https://doi.org/10.1016/j.esd.2010.04.005
Wang, H., GBD-Collaborators, 2016. Global, regional, and
national life expectancy, all-cause mortality, and
cause-specific mortality for 249 causes of death,
1980-2015: a systematic analysis for the Global
Burden of Disease Study 2015. Lancet (London,
England) 388, 1459–1544. https://doi.org/10.1016/
S0140-6736(16)31012-1
www.urbanemissions.info, n.d. Sarath Guttikunda
[WWW Document]. 2016.
Zhao, Y., Nielsen, C.P., Lei, Y., McElroy, M.B., Hao, J., 2011.
Quantifying the uncertainties of a bottom-up
emission inventory of anthropogenic atmospheric
pollutants in China. Atmos. Chem. Phys. 11, 2295–
2308. https://doi.org/10.5194/acp-11-2295-2011

POLICY BRIEF
The Contribution of Household Fuels to Ambient Air Pollution in India

•

MAY 2019

15

The Collaborative Clean Air Policy Centre explores, evaluates, and compares policy options
for dealing with India’s health-damaging air pollution problems.

A joint activity of

Collaborative Clean Air Policy Centre
India Habitat Center
Lodhi Road, New Delhi, 110003

Visit ccapc.org.in
info@ccapc.org.in
@ccapc_org

