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Abstract
Access to sustained clean cooking in India is essential to addressing the health burden of indoor air
pollution from biomass fuels, but spatial inequality in cities can adversely affect uptake and ef-
fectiveness of policies amongst low-income households. Limited data exists on the spatial distri-
bution of energy use in Indian cities, particularly amongst low-income households, and most
quantitative studies focus primarily on the effect of economic determinants. A microsimulation
approach is proposed, using publicly available data and a Bayesian multi-level model to account for
effects of current cooking practices (at a household scale), local socio-cultural context and spatial
effects (at a city ward scale). This approach offers previously unavailable insight into the spatial
distribution of fuel use and residential energy transition within Indian cities. Uncertainty arising from
heterogeneity in the population is factored into fuel use estimates through use of Markov Chain
Monte Carlo (MCMC) sampling. The model is applied to four cities in the South Indian states of
Kerala and Tamil Nadu, and comparison against ward-level survey data shows consistency with the
model estimates. Ward-level effects exemplify how specific wards compare to the city average and
to other urban areas in the state, which can help stakeholders design and implement clean cooking
interventions tailored to the needs of those households.
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Introduction

Use of traditional solid biomass fuels for cooking is a reality for many Indians, with just under 50%
of the population still using solid biomass fuel to meet some part of their cooking needs
(International Energy Agency, 2020a). This is the case despite approximately 95% of the population
having access to distribution of liquified petroleum gas (LPG) following the recent Pradhan Mantri
Ujjwala Yojana (PMUY) programme (International Energy Agency, 2020b). Even in urban areas
biomass use persists and is most prevalent amongst low-income households (Ahmad and Puppim
De Oliveira, 2015), who often face spatial inequality in their access to utilities (Bhan and Jana,
2015). Use of solid biomass fuels in cooking stoves releases pollutants including carbon monoxide
and particulate matter in the form of soot, that contribute to the over 600,000 annual deaths at-
tributed to indoor air pollution in India (Pandey, 2021).

Recent studies have shown that urban households can follow different pathways to adopting
clean cooking based on the local interaction of socio-economic features, community, behaviours
and infrastructure that require tailored and targeted intervention (Neto-Bradley et al., 2020).
Targeting efforts to address different sets of barriers at an urban scale is complicated by the lack of
available data and methods suited to a developing country context. Most quantitative studies on
residential energy use in India use regressions based on expenditure and income levels (Ekholm
et al., 2010; Farsi et al., 2007), asset ownership and socio-economic variables such as education
(Ahmad and Puppim De Oliveira, 2015; Sankhyayan and Dasgupta, 2019) or type of employment
(Kemmler, 2007; Sehjpal et al., 2014) to predict the effect on energy consumption. These studies
assume all households will respond in the same way to economic stimuli. A further drawback of
such models is that interpretation of the model outputs as they relate to local context may not be
intuitive and can require additional learning, limiting their real world usefulness (Nochta et al.,
2020).

On the other hand more localised studies characterising the role of energy-related practices and
socio-cultural, economic and technical factors using qualitative approaches in the Global South
have shown the importance of household practices in understanding energy transition (e.g. Bisaga
and Parikh (2018)). Mixed method approaches which attempt to meaningfully integrate quantitative
and qualitative methods have been limited, but several recent studies have adopted such an approach
to shed light on the circumstances of low-income urban households in India (Khosla et al., 2019;
Neto-Bradley et al., 2021). A key takeaway from these studies is that considering individual
household-level decisions, behaviours and context is key to identifying opportunities to facilitate
uptake of clean energy among low-income urban households. Doing so at scales sufficiently large to
understand energy behaviours across entire cities remains a challenge.

Approaches that account for heterogeneity in populations at scale are used in fields such as
transport research and epidemiology, for example to investigate cardiovascular disease risks
throughout a national population (Knight et al., 2017). Due to reasons of privacy and cost,
individual-level representative datasets at urban or district scale are often not available (Casati et al.,
2015). Microsimulations are a form of bottom-up model that offer a solution to this by simulating
features and actions of synthetic representative individuals in a population (Frayssinet et al., 2018).
Using a population of synthetic individuals would address the limitations of scalability in current
qualitative approaches, while also enabling simulation of outputs based on individual-level features
to better capturing heterogeneity and inequalities missed by current qualitative approaches.

Such methods have recently been used in urban scale energy studies with the use of simulated
building stocks where the individuals are buildings rather than people (Booth et al., 2012; Zakhary
et al., 2020). City-scale microsimulation has also been used to estimate CO2 emission density
(Tirumalachetty et al., 2013) and household gas and electricity use in US cities (Zhang et al., 2018).
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However, these methods have not been previously used to expose inequalities in urban energy
access.

This paper presents a microsimulation approach which uses a Bayesian multi-level model to
estimate cooking fuel consumption across city wards and thus provide a disaggregated urban scale
view of spatial inequality in clean cooking access with quantification of uncertainties. This approach
is based on the expectation that household-level energy use is conditioned by household habits and
practices, local socio-economic and cultural context and spatial effects. The novelty of this study lies
both in its use of a microsimulation approach to model clean cooking access at a household-level,
and the systematic treatment of uncertainty in estimating fuel consumption in a Global South
context.

The approach combines publicly available data from the census and nationally representative
surveys, to generate a synthetic population of individual households. Markov Chain Monte Carlo
(MCMC) sampling is used to estimate parameters for a multi-level model, which predicts fuel use
and fuel stacking prevalence (use of multiple fuels i.e. both solid biomass and LPG) at a household
scale while accounting for group effects of cooking fuel choice and spatial and non-spatial het-
erogeneity. This model is applied to four different case study cities in southern India, namely,
Coimbatore, Tiruchirappalli, Kochi and Trivandrum, details of the study cities are summarised in
Supplementary Figure S1, with an accompanying rationale for selection. Primary data collected
from selected wards in these cities is compared to model outcomes for a consistency check. The
model outputs enable the identification of those wards within a city that are worst affected by
continued solid biomass fuel and offer insight into how wards compare to each other, as well as to
the average urban household in the state. With a new Indian census being conducted this year, this
approach will provide a means to update and track the state of clean cooking transition in urban India
in the coming decade. The remainder of this paper will introduce the methodology, before assessing
model performance and discussing model outputs. The paper concludes with a discussion of the
features, utility and policy relevance of this approach.

Methodology

Overview

The aim of this approach is to understand differences across city wards by modelling household-
level energy use, but household-level data only exists per state and district, while available ward-
level data includes tallies for a limited set of socio-economic variables and does not provide details
on fuel consumption. As a result of this discrepancy between desired scale of analysis and
availability of public data, multiple data sources at differing geographic scales are combined to
model the spatial inequality in access to clean cooking across a city.

Cooking fuel use and energy choices at a household-level are estimated taking into account
household practices, locally acting socio-economic and community factors and spatial effects. This
requires generating a representative population of households whose combination of socio-
economic characteristics is known. Iterative proportional fitting (IPF) is used to first generate a
synthetic population of households, representative at the ward-level. Each of these synthetic
households are assigned to a primary fuel choice group using a categorical logistic regression based
on socio-economic predictors. The fuel consumption and fuel stacking prevalence are then esti-
mated for each household using a multi-level model with model coefficients varying on the basis of
primary cooking fuel choice of the household and taking into account ward-level effects. Figure 1
provides a schematic overview of the model structure.

Microsimulation modelling naturally embodies uncertainties in the estimation of the synthetic
population. These are challenging to quantify methodologically. The absence of test data generally
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renders any form of uncertainty management of the model parameters impossible. However, this
approach will include and propagate the uncertainties arising from the variation across households
in the dataset used for generating the synthetic population. As such, these represent the first order
uncertainties, or the heterogeneity across similar clusters of households. The advantage of including
these in the analysis is twofold: First, it helps understand the variability of outputs across different
population groups; and second, it enables calibration of parameters as and when new data becomes
available.

Data

The household-level data from the Indian Human Development Survey 2011 (IHDS-II) (Desai and
Vanneman, 2015) and the 2011 census (Government of India, 2011) ward-level tables of household
asset ownership are used to generate the synthetic population. Maps of the Census 2011 ward
boundaries and National Sample Survey consumer survey data from Round 68 (National Sample
Survey Organisation, 2013) are used as inputs for the multi-level model. The performance of the
model is examined using survey data from 24 low-income wards across the four cities. Further
details of the data sources including sample characteristics of ward-level survey data are detailed in
the Data section in the Supplementary Material.

Household population synthesis

A synthetic population is generated using IPF (Lovelace and Dumont, 2016), a method also known
as matrix raking, as introduced by (Deming and Stephan, 1940). This approach does have some

Figure 1. Overview of microsimulation approach including data sources and outputs.
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drawbacks including reliance on categorical data, and ability to only control for household or
individual-level attributes (Casati et al., 2015). However, this is well suited for this model given the
data publicly available on Indian households, and that the household is the smallest unit of analysis
not the individual. IPF offers the benefit of being computationally efficient, simple to use (including
practical guidance on performing IPF in R (Lovelace and Dumont, 2016)) and converges to a single
solution (Fienberg, 1970). The IHDS household-level data is used as the microdata consisting of a
sample of representative individual urban households from the state. The census ward-level data is
used as a contingency table of constraints to generate weightings for the individuals in the mi-
crodata. A detailed explanation of how IPF uses this data to generate a synthetic population, what
assumptions are made and howweightings are integerised is detailed in Supplementary Figure 2 and
Supplementary Tables S 1 and S 2 in the Supplementary Material.

Synthetic households are assigned to a primary cooking fuel group representative of current
cooking practices. A categorical logistic regression of the form shown in equation (1) is used to infer
the primary cooking fuel j of a household i based on the socio-economic characteristics of the
household. The predictors used are household expenditure, majority religion membership, ration
card possession, caste category and income frequency. These predictors were identified through
exploratory analysis as having greatest relative importance out of available variables. The selected
predictors include both income and non-income factors in line with previous research showing that
non-income factors must also be considered in household fuel choice (Ahmad and Puppim De
Oliveira, 2015; Sankhyayan and Dasgupta, 2019). The regression coefficients are estimated from
the NSS data for the respective state. The household is assigned to one of six primary cooking fuel
choice groups: No cooking, Biomass, Kerosene, Low LPG (uses less than a cylinder every month),
High LPG (uses more than a cylinder every month) or Electricity. The primary cooking fuel choice
groups are discussed in more detail in the Supplementary Material

j½i� ¼ β0 þ β1expi þ β2religi þ β3rationcardi þ β4castei þ β5incfreqi (1)

Generation and validation of the synthetic population for each of the four cities was done using
base packages in R as well as the ‘ipfp’ package (Blocker, 2016).

Multi-level model specification

A multi-level model is used to estimate the magnitude of biomass and LPG use for each synthetic
household on the basis of its socio-economic features and location. The model has three components
which aim to address intrinsic features and practices of the household, extrinsic local socio-
economic and cultural features, and spatial effects. The household-level component of the model
uses an idealised linear relationship for the household’s mean fuel use with expenditure and
household size (no. of persons) as predictors. These represent the intrinsic component of cooking
fuel use, dependant on the features of the household. Coefficients for the household-level predictors
are allowed to vary by primary cooking fuel group. This is a non-spatial and non-random group
effect.

A novelty of this study is to quantify the influence of local socio-economic and cultural features
on fuel use and access. These are extrinsic features which relate to the household’s interaction with
its wider neighbourhood and community and spatial effects from its location within the city.
Quantifying the impact of local features is complicated by the unmeasurable nature of some socio-
cultural determinants of clean cooking access. This is addressed by adapting the approach of the
Besag-York-Mollie model (Besag et al., 1991) used in spatial epidemiology studies (DiMaggio,
2015) which uses an Intrinsic Conditional Auto-Regressive (ICAR) to capture spatial effects and a
random effects coefficient to capture extrinsic features. Similar approaches have been used in
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district-wise building energy use models (Choudhary and Tian, 2014), and recent studies have
explored improved approaches for implementation (Morris et al., 2019).

The statistical model is shown in equation (2), where for a household i in cooking fuel group j and
city ward w fuel use is assumed to follow a normal distribution with a mean given by the sum of the
household and ward-level components and with a precision σ. In equation (2), fw½i� is the ICAR
component and θw½i� is the random effects coefficient.

fuel½i� ∼N
�
a0 j½i� þ a1 j½i�size½i� þ a2 j½i�exp½i� þ fw½i� þ θw½i�,σ

�
(2)

Household-level predictor coefficients a0, a1, and a2 are defined by the following parameters

a0½i� ∼Nðμa0,σa0Þ

a1½i� ∼Nðμa1,σa1Þ

a2½i� ∼Nðμa2,σa2Þ
Parameters for the distributions of coefficients a0, a1, and a2 are estimated from the NSS

consumer survey data. A prior is set on the parameters using the fuel use values embedded in the
synthetic population, which have been derived from the IHDSmicro dataset. Four different versions
of the model were implemented to compare the performance of the different components of the
model. These four variants are a Basic Model which includes only household-level effects; a
Random Effects Model which includes household-level predictors and the random effect coeffi-
cient; an ICAR Model which includes household-level predictors and an ICAR component; and a
combined model which includes all three components (shown in equation (2)). Details of model
variant formulations, priors and parameter definitions are detailed under Multi-level Model Variants
in the Supplementary Material.

Models for each city are estimated separately, using NSS consumer survey data for the respective
state. All expenditure and fuel consumption values are normalised and a square root transformation
is also applied to fuel consumption values. Estimation of the parameters of the model is done using
Stan which performs full Bayesian inference using Hamiltonian Monte Carlo. Stan’s No U-Turn
Sampling (NUTS) performs better than alternative Gibbs or Metropolis algorithms for models with
complex posteriors (Homan and Gelman, 2014). The RStan interface enables input and output data
handling in R. It is important to note that as Gelman (2006) points out, multi-level models are
advantageous for making predictions as they can estimate the effect of individual predictors as well
as the group-level mean, but these cannot be necessarily interpreted as causal and this should be kept
in mind when examining outputs.

Model performance

By comparing the model outputs to the survey data available for selected wards, the consistency of
the model and its four variants can be examined. Figure 2 compares the model estimates for LPG
and solid biomass use in each of the 24 wards included in the survey dataset. The points indicate the
mean and lines show the 95% confidence interval of each model and the survey data ward-by-ward.
The wards are ordered by their surveyed mean fuel consumption. Figure 2 shows that with a few
exceptions, the survey means fall within the confidence interval for the combined model estimates,
and in a majority of cases those of the random effects model too. Notice that the combined model
estimates broadly follow the variation seen in the survey means with wards with lower survey means
likely to have a lower model estimate than those with higher survey means. This is noteworthy as
these wards were selected for the survey because of their low socio-economic status and greater
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likelihood to have lower access to LPG and use greater amounts of solid biomass; thus, they do not
represent the full spectrum of wards but rather the lower end of LPG and upper end of solid biomass
consumption.

Comparing the different model variants, the basic model has the narrowest confidence intervals,
and the interval increases for the random effects and ICAR models, with the combined model
featuring the widest interval. This reflects the added uncertainty the estimates from these models
account for. Recall that the basic model infers coefficients for predictors from NSS data on all urban
households in the state, including those not in these cities. It represents the estimate of fuel use for
that ward’s population of households assuming they are in an ‘average’ city in that state. The
random effects model includes a coefficient that represents the impact of the ‘city effect’ versus the
average city in the state. The ICARmodel represents how the ward compares to the wards around it.
Accounting for each of these effects adds uncertainty to the estimate and so the combined model has
the widest confidence interval.

Model variant estimates differ in performance when compared to the survey data. For solid
biomass consumption, there is little difference in the mean estimates between the four model
variants, where the survey data means fall within the confidence interval of model outputs for most
wards, particularly those with lower consumption levels. This indicates that the levels of

Figure 2. Comparison of model outputs and survey data for selected wards. Point values represent mean
values from the model or survey samples, and lines indicate the 95% confidence interval.

Neto-Bradley et al. 7



consumption in each ward are similar to those in the average urban area in the state and that local
spatial effects have a relatively modest effect on magnitude of consumption. The discrepancy
between model estimates and survey data for some wards in Tiruchirappalli (abbreviated to Trichy
in the figure) could represent a transient random effect, for example added use of fuel in the month
surveyed due to a festival or greater availability of fuel.

The situation with LPG is rather different, where the basic model underestimates LPG use and the
random effects and combined models are more compatible with the survey data. In this instance, the
random effect coefficient provides the bulk of the adjustment from the basic model with the ICAR
component adding only small additional adjustments. It is worth noting two points here; Firstly, the
fact that these cities are larger than the average urban centre within their states would suggest that
they are likely to have a better network of LPG suppliers than the average city. In addition, the
survey data was collected in 2018–2019 coinciding with the government’s PMUY LPG connection
initiative which targeted certain groups of low-income households, which possibly explains why in
wards such as Coimbatore’s 57th or Trivandrum’s 76th the models underestimate LPG
consumption.

Results & discussion

The focus of this microsimulation approach was to estimate spatial inequality in access and use of
clean cooking fuels across cities, with the expectation that variation at a ward-level arises due to
household context, local socio-economic and cultural factors and spatial effects. Examining the
various components of the model is instructive to understand their influence on outputs and how
uncertainty is propagated. At the heart of the basic model is a multi-level normal linear model whose
coefficients vary according to the primary cooking fuel group a household is predicted to belong to.
Figure 3 shows the estimated linear coefficients of the LPG consumption model for Tiruchirappalli
across the six different primary cooking fuel groups. The prior is represented by the dotted line. Due
to absence of a comparable primary cooking group variable in the raw synthetic population data the
prior does not vary by group. Despite this limitation, using the synthetic population data to form a
prior ensures consistency and makes for a reasonable prior.

The new data from the NSS consumer survey helps reduce uncertainty in the model coefficients
with posteriors having smaller variances. While all groups have the same prior, the new data and the
model design allowing coefficients to vary by primary cooking fuel group greatly reduce uncer-
tainty. For groups using kerosene and electricity as primary cooking fuels, some coefficient
posteriors have greater variance than other groups. This is because in the case of Tiruchirappalli the
NSS consumer survey data had considerably fewer instances of households in these two groups and
there was variability in fuel use amongst these few cases. This resulted in posterior distributions for
coefficients with slightly greater variance. Expenditure slope coefficient a2 for these groups shows
uncertainty with respect to the positive or negative nature of this relationship, covering a range of
values from approximately �0.05 to 0.15 for the kerosene group, and�0.1 to 0.1 for the electricity
group. Interestingly, the coefficients for household size, coefficient a1 from equation (2), while
having slightly different distributions between groups, have similar values within a range of 0.04–
0.08, suggesting the effect of this predictor does not vary much with primary cooking fuel choice.

The components of the model that account for local socio-cultural features and spatial effects are
the random effects and ICAR coefficients. These location-related coefficients offer valuable insight
for the targeting of interventions as they quantify the impact of local socio-economic and com-
munity factors relative to the average ward in the state and in that city. The random effects co-
efficients across the city as a whole indicates whether the fuel consumption of that city is above,
below or about average for the state. Figure 4 shows the distribution of estimated random effect
coefficients across all wards in each of the four cities for both solid biomass and LPG consumption.
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They indicate all cities are highly likely to have a positive random effect coefficient for LPG with
some small difference in magnitude between them, nonetheless, indicating LPG consumption above
state urban area average. The same is not true for solid biomass consumption where, with the
exception of Trivandrum, the random effect coefficient value for solid biomass consumption across
the cities is normally distributed close to zero indicating that solid biomass consumption levels are
close to the state urban average. Note the variance in the coefficient does vary slightly between cities
and fuels, reflecting differences in uncertainty in the magnitude of difference between local fuel
consumption compared to the state-wide average urban household.

Figure 5 shows the mean ward-level random effects and spatial smoothing coefficients for LPG
consumption across the city of Tiruchirappalli. The mean random effect coefficient shows negligible
variation between wards and indicates that the city as a whole has a level of LPG use well above that
of the average urban area in Tamil Nadu. Meanwhile the ICAR coefficient shows how city wards
compare to each other. The central southern wards of the city have a positive coefficient indicating
higher LPG use than the average ward, while the eastern wards underperform relative to the average
ward. Analysis of the spatial distribution of ICAR coefficients provides a clear indication of which

Figure 3. Linear coefficients of LPG household model by primary cooking fuel group for the city of
Tiruchirappalli. LPG: liquified petroleum gas.
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wards are below average in terms of uptake of LPG and may thus need additional targeted
intervention.

Putting these model components together they add up to produce the model fuel consumption
estimates as shown in Figure 6, which illustrates the distribution of estimates of monthly LPG
consumption for each of the four model variants in Ward 38 of Tiruchirappalli. The ICAR model
indicates that ward 38 is likely to have above average LPG consumption compared to the city
average, and the random effects model indicates that Tiruchirappalli’s LPG consumption is also
likely to be above the state average. The contribution of these two coefficients is added to the basic

Figure 5. Ward-level random effects and ICAR coefficient values for Tiruchirappalli. ICAR: Intrinsic
Conditional Auto-Regressive.

Figure 4. Distribution of random effects coefficients for both solid biomass and LPG across cities. LPG:
liquified petroleum gas.
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model estimate in the combined model, resulting in a boost to the mean estimate. The uncertainty
from the various individual components adds up with the ICAR and random effects models having
greater variance than the basic model and this variance compounds in the combined model which
accounts for the uncertainty in all three constituent model components.

The impact of the different models is illustrated spatially in Figure 7, which shows the LPG
consumption estimates across city wards for each of the four models. The estimates from the basic
model show only small variation between wards while the random effects model boosts the es-
timates of fuel consumption relative to the basic model, although still preserving the relative
homogeneity between wards. The spatial smoothing model introduces greater variation between
wards with either an increased or decreased mean estimate compared to the base model. The
combined model features both the city wide increase in mean estimated consumption while also
including greater variation between wards, more fully capturing the spatial variability.

This approach can provide valuable insight for policy makers and stakeholders by locating wards
most likely to have low sustained and exclusive clean cooking fuel use. The representative

Figure 6. Distribution of LPG Consumption estimates for each of four model variants for Ward 38 in
Tiruchirappalli. LPG: liquified petroleum gas.

Figure 7. Comparison of model variant estimates for mean monthly LPG consumption in Tiruchirappalli
mapped by city wards. LPG: liquified petroleum gas.
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population of synthetic households offers an additional benefit by providing insight into ward-by-
ward differences in socio-economic features that can contextualise model estimates. Figure 8 shows
model estimates alongside socio-economic characteristics from the synthetic population in the
southern edge of the city of Kochi, Kerala. Wards 47, 50, 51, 53 and 54 have lower levels of mean
estimated LPG consumption than surrounding wards, although model outputs indicate that not all
these wards with lower LPG consumption are equal. Amongst these, wards 47, 50 and 53 have a
greater proportion of households with residual biomass use (continued biomass use in households
with an LPG stove) suggesting that a different intervention may be required to encourage sustained
and exclusive use of LPG in these wards. Some local socio-economic context is provided by the
proportions of daily and weekly income earners by ward. Notice that many of the wards with high
proportions of households paid daily or weekly are also those same wards with higher proportions of
residual biomass users, such as wards 47 and 53. Similar outputs are mapped out in Supplementary
Figures S.3, S.4 and S.5 for the other cities modelled.

Interestingly, recent studies have shown how multi-level models can help identify and locate
residential segregation in cities in the US (Arcaya et al., 2018) and UK (Jones et al., 2018).While the
multi-level model microsimulation approach does not imply causality between variables it does
contextualise spatial patterns and inequality in clean cooking access with local socio-economic
factors. This can allow stakeholders to not only identify wards in need of further attention, but could
provide a starting point for understanding the barriers and features of the transition pathways
households in that ward may be following. Such data could also inform the setting of criteria for a
particular policy or transition support initiative or even possibly support the local tailoring of such
criteria for national policies.

There are obviously limitations to this approach some of which relate to the data used and model
design. The ward-level aggregation may be too coarse for larger cities where wards have greater

Figure 8. Model outputs for wards in south-eastern section of Kochi, Kerala. Outputs show mean LPG
consumption, proportion of households with residual biomass use and households relying on daily/weekly
income. LPG: liquified petroleum gas.
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population density. Additionally the IHDS and NSS household-level data used may under represent
some types of low-income and informal households. Furthermore the model is only as up to date as
the data it uses, in this case that means the model is based on conditions in 2013. Inclusion of
different types of data or new sources of data may offer a means to address some of these
shortcomings and increase resolution and representation.

Conclusion

A microsimulation approach is proposed to estimate cooking fuel use across a city using publicly
available data to help characterise spatial inequality in access to clean cooking. Using a multi-level
model which accounts for household cooking practices, local city effects and spatial effects
produced outputs that showed reasonable consistency with real world data. Allowing model pa-
rameters to vary by primary cooking fuel group reduced uncertainty in these, while the model
structure propagated uncertainty in ward-level effects through to fuel use estimates. The random
effect and spatial components capture the ‘city effect’ and ‘ward effect’ – the model offers insight
into how fuel use in a given city compares to the average urban household in the state, and how the
fuel use in a given city ward compares to the average fuel use in the city. By simulating a rep-
resentative sample of households in each ward, spatial distribution of clean cooking access can be
examined in context of socio-economic features across a city.

The results of this microsimulation have some important implications for current policy on clean
cooking in India. The PMUY policy focuses on socio-economic indicators to target households;
however, the findings from this study suggest that in cities some form of location-based targeting is
also required. This could equate to different eligibility criteria for different urban areas. A second
important implication for clean cooking policy is that spatial inequalities can lead to local barriers to
access which may not be addressed by the current policy, for example areas within some wards may
simply not be reliably serviced by a distributor. Identifying these areas and working closely with
relevant stakeholders to address is necessary; in this example working with the distributor in the
given area to ensure they reach out to all households.

More broadly the approach developed by this paper has potential to be deployed to model
energy-related inequalities in other urban contexts. The use of national consumer surveys and
census data to build the model makes this easy to implement in other countries as this type of data is
quite commonly available. For example, inequalities in access to cooling will become more relevant
as the effects of climate change lead to more frequent and intense heat waves. These would likely be
exacerbated by urban heat island effects, modelling of which could be combined with the mi-
crosimulation approach in this paper to help anticipate vulnerable communities within cities.

With urban populations set to expand in the coming decades, limited data on the effects and
distribution of urban spatial inequality is a challenge for policy implementation, not only for clean
cooking, but wider energy access issues. Design of effective interventions requires stakeholder
involvement and consideration of local household needs, and cost-effective modelling approaches
such as the one proposed offer an exploratory view of clean cooking access across a city that can
facilitate such a process.
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