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Improving Air Quality Management 
through Forecasts

With every passing winter, the need to address 
Delhi’s air pollution grows more urgent. During 

the winter of 2021, the Supreme Court, the Delhi 
Government, and the Commission for Air Quality 
Management in the NCR and Adjoining Areas (CAQM), 
all sprang into action to arrest rising pollution levels 
in Delhi. The interventions ranged from shutting down 
power plants and restricting the entry of trucks into 
Delhi to school closures and using forecasts to pre-

emptively roll out emergency measures. However, the 
impact of these interventions on Delhi’s air quality begs 
further investigation.  

Through this study, we intend to examine what worked 
and what did not this season. As is the case every year, 
meteorological conditions played an important role 
in both aggravating and alleviating pollution levels.  
To assess the impact of meteorological conditions on 
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pollution levels, we analysed pollution levels during the 
months of October to January vis-a-vis meteorological 
parameters. To understand the driving causes of 
pollution in the winter of 2021, we tracked the changes 
in relative contribution of various polluting sources as 
the season progressed.  

While pre-emptive actions based on forecasts was a 
step in the right direction, an assessment of forecast 
performance is a prerequisite to integrating them in 
decision-making. We also assessed the performance of 
forecasts by comparing them with the measured on-
ground concentrations. We also studied the timing and 
effectiveness of emergency directions issued in response 
to forecasts. 

We sourced data on pollution levels from Central 
Pollution Control Board’s (CPCB) real-time air quality 
data portal and meteorological information from 
ECMWF Reanalysis v5 (ERA5). For information on 
modelled concentration and source contributions, we 
used data from publicly available air quality forecasts, 
including Delhi’s Air Quality Early Warning System 
(AQ-EWS) (3-day and 10-day), the Decision Support 
System for Air Quality Management in Delhi (DSS), and 
UrbanEmissions.Info (UE).

a. 75 per cent of days were in ‘Very poor’ 
to ‘Severe’ air quality during winter 2021
The number of ‘Severe’ plus ‘Very poor’ air quality 
days during the winter has not decreased in the last 
three years (Figure ES1). During the winter of 2021 (15 
October 2021 - 15 January 2022), about 75 per cent of 
the days, air quality were in the ‘Very poor’ to ‘Severe’ 
category. Interestingly, despite more farm fire 
incidents in Punjab, Haryana, and Uttar Pradesh in 
2021 compared to 2020, Delhi’s PM2.5 concentration 
during the stubble burning phase (i.e., 15 October to 
15 November) was lesser in 2021. This was primarily 
due to better meteorological conditions like higher 
wind speed and more number of rainy days during this 
period.

b. Regional influence predominant; 
Transport, dust, and domestic 
biomass burning are the largest local 
contributors to air pollution 

We find that about 64 per cent of Delhi’s winter pollution 
load comes from outside Delhi’s boundaries (Figure 
ES2(a). Biomass burning of agricultural waste during 

Figure ES1 No significant improvement in air quality days during winters in Delhi

Source: Authors’ analysis, data from Central Pollution Control Board (CPCB).

Note: Air quality index (AQI) for the day is calculated using the PM2.5 concentration at the same stations 
with a minimum of 75 per cent of the data being available.
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the stubble burning phase and burning for heating and 
cooking needs during peak winter are estimated to be 
the major sources of air pollution from outside the city 
according to UE (Figure ES2(b). Locally, transport (12 per 
cent), dust (7 per cent), and domestic biomass burning 
(6 per cent) contribute the most to the PM2.5 pollution 
load of the city. While transport and dust are perennial 
sources of pollution in the city, the residential space 

heating component is a seasonal source. However, this 
seasonal contribution is so significant that as the use 
of biomass as a heat source in and around Delhi starts 
going up as winter progresses, the residential sector 
becomes the single-largest contributor by 15 December 
(Figure ES2(b)). This indicates the need to ramp up 
programmes to encourage households to shift to 
cleaner fuels for cooking and space heating.

Figure ES 2(a) Transport, dust, and domestic biomass burning are the largest local contributors to the PM2.5 
pollution load in Delhi

Source: Authors’ analysis, source contribution data from DSS and UE.

Note: Modelled estimates of relative source contributions retrieved from UE and DSS.
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Figure ES 2(b) Both local and regional sources need to be targeted for reducing Delhi’s pollution

Source: Authors’ analysis, source contribution data from UE.

Note: Source contribution data retrieved from UE district products which have larger geographical cover and lower resolution.
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c. Forecasts picked up the pollution 
trend but could not predict high 
pollution episodes
The availability of multiple forecasts provides decision-
makers with a range of options to choose from. At 
the same time, this is an obstacle to effective on-
ground action. To streamline the flow of relevant 
information from forecasters to decision-makers, 
it is important to analyse the forecasts and assess 
their reliability. We found that all the forecasts 
identified pollution trends accurately (Figure ES3) but 
their accuracy in predicting pollution episodes (‘Severe’ 
and ‘Very Poor’ air quality days) decreases with future 
time horizon.

d. Though forecasts were used to impose 
restrictions, the lifting of the curbs was 
ill-timed
In November–December 2021, apart from the Graded 
Response Action Plan (GRAP) coming into effect in Delhi-
NCR, the CAQM introduced several emergency response 
measures through a series of directions and orders. 
The Supreme Court also stepped in from time to time to 
direct the authorities to act on air pollution. 

As a first, the CAQM used air quality and meteorological 
forecasts to time and tailor emergency response actions. 

The first set of restrictions was put in place on 16 
November 2021, and all were lifted by 20 December 2021, 
save the one on industrial operations. 

During this period, all the forecasts except AQ-EWS 
(3-day) underpredicted PM2.5 levels. Therefore, 
by looking at the difference between forecasted and 
measured concentrations, it is not possible to gauge 
the effectiveness of the restrictions conclusively. Hence, 
multiple models or different modelling experiments are 
needed to estimate the impact of the intervention. 

It should be noted that during the restriction 
period, air quality did not descend into the ‘Severe 
+’ category. Further, when all the restrictions were in 
place along with better meteorology, air quality did 
improve from ‘Severe’ to ‘Poor’. The first prolonged 
‘Severe’ air quality period in December was witnessed 
between 21 December and 26 December. While the 
forecasts sounded an alarm for high pollution levels 
during this period, all restrictions barring those on 
industrial activities were lifted. Subsequently, PM2.5 
levels remained above 250 µgm-3 for six straight days 
resulting in the longest ‘Severe’ air quality spell of the 
season. (Figure ES4).

Figure ES3 All the forecasts can predict the trend accurately

Source: Authors’ analysis, data from Central Pollution Control Board (CPCB), AQ-EWS, and UE. 
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Figure ES4 The lifting of the restrictions was ill-timed with high pollution levels forecasted in the following days

  
The discussion above highlights that despite the 
emergency measures taken in winter 2021, the air 
quality conditions were far from satisfactory. Calibrating 
emergency responses to forecasted source contributions 
may result in a greater impact on air quality. Our study 
recommends the following to help the Government of 
National Capital Territory of Delhi ( GNCTD) and CAQM 
plan and execute emergency responses better:

• GRAP implementation must be based strictly 
on modelled source contributions obtained 
from forecasts and timed accordingly. This will 
eliminate the need for ad-hoc emergency directions 
to restrict various activities. For instance, restrictions 
on private vehicles can be brought in when the air 
quality is forecasted to be ‘Very poor’ as transport is a 
significant contributor. 

• Surveys or assessments are required in the 
residential areas across NCR to explore the 
prevalence of biomass usage for heating and 
cooking purposes. Based on this, a targeted 
support mechanism is required to allow households 
and others to use clean fuels for cooking and 
heating. There is also a need to assess and promote 
alternatives for space heating.

• Air quality forecasts should be relayed to the 
public via social media platforms to encourage 
them to take preventive measures such as avoiding 
unnecessary travel and wearing masks when 
stepping out. This will help reduce individual 
exposure and activity levels in the city.

• Ground level data and insights need to be 
incorporated in forecasting models. Data from 
sources like social media posts (text and photos), 
camera feeds from public places, and  pollution-
related grievance portals like SAMEER, Green Delhi, 
and SDMC 311 can provide near-real time information 
on pollution sources. Then aggregated representation 
of polluting activities based on recent days or weeks 
can be used as an input in models. Ultimately, a 
crowd-sourced emissions inventory for NCT/NCR will 
benefit modellers and policymakers alike while also 
making pollution curtailment efforts transparent.

• Combining the available air quality forecasts 
through an ensemble approach can help improve 
the accuracy of the forecasts and prompt better 
coordination within the modelling community.

  

B. Recommendations

Source: Authors’ analysis, data from Central Pollution Control Board (CPCB). 

Note: C&D stands for construction and demolition activities. Work from home (WFH) stands for the 50% cap on employee attendance in the 
office. Industrial restrictions stand for compulsory switching over to Piped Natural Gas (PNG) or other cleaner fuels within industries and 
non-compliant industries being allowed to operate restrictively.
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Figure 1 How do cities around the world use air quality forecasts? 

Source: Authors’ compilation, Beijing Municipal Government (2020), Borge et al. (2018), Brussels 
Environment (2020), Madrid City Council (2018), Mexico City Government (2019), Mullins and 
Bharadwaj (2015). 
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BRUSSELS

For the red alert to kick in, 
the forecasted daily mean air 
quality index (AQI) should be 
> 200 for 96 hours or more, 
> 300 for 48 hours or more, or 
≥ 500.

Actions in red alert:

1.  At least one additional round 
of cleaning every day on 
major roads.

2. Suspension of all 
construction and allied 
activities.

3. Flexible schedules for classes 
up to the secondary level 
in schools or suspension of 
classes altogether.

When the hourly NO2 

concentration is forecasted to 
exceed 400 µgm-3 for one day, 
and atmospheric ventilation is 
forecasted to be unfavourable 
to pollutant dispersion for the 
next day, the alert scenario is 
triggered.

Actions in the alert scenario:

1. Reduction of the speed 
limit on the central orbital 
motorway (M-30) and its 
access roads to 70 km/h.

2. Only environmentally 
certified vehicles allowed to 
operate. 

SANTIAGO
Days on which PM10 is 
forecasted to exceed 330 µgm-3 
are designated as emergency 
episodes.

Actions in the emergency 
episode:

1. Restricted usage of 40% of 
vehicles.

2.  Suspension of outdoor 
community sports activities 
and physical education 
classes. 

3. Increased service of city 
metro trains.

4. Increased street sweeping 
and other public space 
cleaning activities. 

5. Ban on the usage of biomass 
for heating purposes.

MEXICO CITY

The preventive phase is triggered 
when the O3 concentration is 
forecasted to exceed 279 µgm-3 
on the next day.

Actions in the preventive phase:

1. Ban on all burning activities.

2.  50% cap on government 
vehicles on the road. 

3.  Suspension of all maintenance 
work on government 
infrastructure.

Red alert is triggered when 
the 24-hour moving average 
PM2.5, daily average PM10, 
and/or daily maximum NO2 
concentrations are forecasted 
to exceed 71 µgm-3, 101 µgm-3, 
and 201 µgm-3, respectively, in 
the next 24 to 48 hours and the 
exceedances are expected for 
at least two consecutive days.

Actions in the red alert:

1. For the first day of the 
episode, the speed limit is 
reduced to 50 km/h on all 
roads in the Brussels-Capital 
Region. The speed limit on 
all motorways in and around 
the region is reduced to 90 
km/h.

2. Second day onwards, a 
complete traffic ban is 
imposed in the region 
except on the Brussels Ring 
motorway. 

3.Use of wood for heating 
purposes is prohibited 
except when it is the only 
source of residential heating. 

4. For the entire period of the 
red alert, public transport is 
free of cost. 

Over the past few years, Delhi’s winters have come to 
be synonymous with high pollution levels. This has 
attracted the attention of various stakeholders including 
policymakers, citizens, the media, multilateral agencies, 
and the judiciary. Delhi is among the few cities in India 
where both real-time and forecasted air quality data 
from multiple institutions are available. This, along with 
the acknowledgement of the problem at multiple levels 
of the government, underlines the relevance that air 
pollution has assumed in recent years.

Despite this alignment of information and intent, 2021 
was no different as the air quality remained ‘Poor’ to 

‘Severe’ air quality categories for most of the winter. 
The worsening air quality prompted the CAQM to 
roll out a slew of restrictions that targeted, inter alia, 
construction activities, vehicular traffic, and power 
plants. These restrictions were based on air quality and 
meteorological forecasts. But given the high pollution 
load from local and regional sources, these emergency 
measures did not adequately arrest pollution episodes 
in the winter of 2021. This gives rise to multiple 
questions: why were emergency measures not 
able to prevent the worsening of air quality? What 
approach should be adopted to tailor the emergency 
response to pollution peaks?

1. Introduction
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Air pollution is not unique to Delhi-NCR; many cities 
around the world, from Los Angeles to Paris to Beijing, 
grapple with this issue. Many of these cities use 
forecast-based alert systems to inform citizens and 
issue emergency measures in response to pollution 
episodes (Beijing Municipal Government 2020; Brussels 
Environment 2020; Madrid City Council 2018; Mexico 
City Government 2019; Mullins and Bharadwaj 2015). 
On the other hand, Delhi’s winter emergency response 
plan, Graded Response Action Plan (GRAP) is triggered 
by observed PM2.5 and PM10 concentrations. While 
a measurement-based system can only prevent 
further worsening of the situation, a forecast-based 
system can help avert pollution episodes and is, 
thus, more preferable.

At the national level, the National Clean Air Programme 
(NCAP), India’s flagship programme on air quality 
management, highlights the need for city-specific 
forecasting in all the non-attainment cities in the 
country. The forecasts can then be used to issue 
health alerts, supplement existing emission control 
programmes, and trigger emergency interventions to 
tackle high pollution episodes (Agarwal et al. 2020; 
Kurinji, Khan and Ganguly 2021; AQRS-CENR 2001). With 
the forecasts in place, the administration has the option 
to act pre-emptively and mitigate the risk posed by the 
episode by introducing curbs and measures. 
 
For instance, the Indian Institute of Tropical 
Meteorology (IITM), Pune, developed the System of Air 
Quality and Weather Forecasting and Research (SAFAR) 
in collaboration with other Earth System Science 
Organisation (ESSO) institutions. SAFAR measures air 
quality in real-time and provides forecasts 1–3 days 
in advance for cities such as Delhi, Mumbai, Pune, 
and Ahmedabad (Beig et al. 2021; SAFAR 2021). More 
recently, the ESSO consortium, led by IITM and USA’s 
National Center for Atmospheric Research (NCAR), 
released an Air Quality Early Warning System (AQ-EWS) 
and a Decision Support System (DSS) to issue alerts 
and provide source contributions for Delhi (AQ-EWS 
2021; DSS 2021; Jena et al. 2021). The Central Pollution 
Control Board (CPCB) also provides a 3-day forecast 
at the station level for Delhi. Then, there are also 
independent research groups like UE, founded by Dr 
Sarath Guttikunda, which provides city- and district-
level forecasts along with source contributions for 
multiple cities, including Delhi (Guttikunda and Calori 
2013; UE 2021).

Delhi is one of the few cities in India that have multiple 
forecasting systems. Ideally, the presence of multiple 
forecasts should drive the timing and tailoring of 
emergency responses to pollution episodes based on the 
predicted source contributions. Assessing the accuracy 
of these forecasts then becomes critical to utilise them 
to drive on-ground action. In 2021, apart from GRAP, a 
number of other restrictions were put in place based 
on forecasts. So, a comprehensive assessment of the 
accuracy of the forecasts as well as the emergency 
actions rolled out in the winter of 2021 is critical in 
understanding what worked and what did not.

2. Data and methods
To understand seasonal variations in source 
contribution estimates by these forecasts, we first 
assess the agreement between different forecasts and 
then compare them against ground observations. To 
do so, we use multiple datasets, including measured 
and modelled pollutant concentrations, meteorological 
data, and modelled source contributions from publicly 
available air quality forecasts for Delhi. 

2.1 Analysing trends in air quality 
and meteorology
We obtained hourly PM2.5 concentrations from the 
Central Pollution Control Board (CPCB) real-time air 
quality data portal. Meteorological parameters like 
precipitation, temperature, wind speed, and boundary 
layer height (blh) were obtained from the European 
Centre for Medium-Range Weather Forecasts Reanalysis 
5th Generation (ERA 5). Data on the number of fires was 
accessed from NASA’s Fire Information for Resource 
Management System (FIRMS) portal (NASA 2021). To 
assign air quality index (AQI) categories, only those 
monitoring stations that were operational across 
2018–2021 and had ≥ 75 per cent data in a year were 
considered (Williams et al. 2014). As of January 2022, 
three forecasting services publicly provide air quality 
forecasts for Delhi NCT. These are AQ-EWS, SAFAR, and 
UE. A detailed description of the modelling inputs for 
each of the three systems is provided in Table 1. 

7

The boost received by NCAP has 
already given rise to multiple 
initiatives related to air quality 
forecasting in India, and, so far, Delhi 
has been the biggest beneficiary. 
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Table 1 Different forecasts used in the study 

Source: Authors’ compilation.

Description Data inputs Source 
contribution 

Pollutants 
forecasted

Days 
forecasted 

Source

AQ-EWS 

SAFAR

UE

DSS

Jointly developed by IITM, 
IMD, NCMRWF, and NCAR, 
USA. It uses the WRF-Chem 
air quality forecasting model. 
It has a spatial resolution of 
400 m for the city of Delhi and 
the surrounding regions of 
the NCR

Jointly developed by IITM, 
IMD, and NCMRWF. It uses 
the WRF-Chem air quality 
forecasting model. It has a 
spatial resolution of 1.67 km 
for the city of Delhi and the 
surrounding regions of the NCR

Developed by Sarath 
Guttikunda and team. It uses 
the WRF-CAMx air quality 
forecasting model. It has a 
spatial resolution of 1 km 
for the city of Delhi and its 
satellite cities

Jointly developed by IITM, 
IMD, and NCAR. It uses 
the WRF-Chem air quality 
forecasting model. It has a 
spatial resolution of 10 km for 
the entire NCR region

PM2.5 data from 
monitoring stations 
and MODIS AOD 
data and VIIRS fire 
data. SAFAR 400 m, 
TERI and ARAI 4 km 
and EDGAR emission 
inventories

Pollutant data from 
SAFAR’s monitoring 
stations. IITM’s 
1.67 km × 1.67 km 
emissions inventory 
of 2010

Dynamically 
updated 1 km × 1 km 
emissions inventory 
by UE

PM2.5 data from 
monitoring stations 
and MODIS AOD 
data. 

TERI 4 km × 4 km 
emissions inventory 
of 2016-17

Contribution 
from fire to 
PM2.5

Contribution 
from fire to 
PM2.5

City-
level and 
district-level 
contribution

Contribution 
of emissions 
from Delhi 
and the 
surrounding 
19 districts to 
the air quality 
in Delhi 
(PM2.5)  

PM2.5, PM10, CO 
(from stubble 
burning), black 
carbon (BC), 
organic carbon 
(OC), and dust.

PM2.5 and PM10 

PM2.5, PM10, 
and SO2

PM2.5

3-day, 
10-day

3-day

3-day

5-day

Ghude et al. 
(2020); Kumar 
et al. (2020); 
Jena et al. 
(2021); Ghude 
et al. (2022); 
TERI and ARAI 
(2018)

Beig et al. 
(2021);SAFAR 
(2021); Sahu, 
Beig and 
Parkhi (2011)

Guttikunda 
and Calori 
(2013); UE 
(2021)

DSS (2021); 
TERI and 
ARAI (2018)

Forecast

To assess forecast performance, we compare modelled 
PM2.5 concentrations with the measured concentrations 
reported by the regulatory CAAQMS, Delhi. We use 
different statistical metrics to understand the goodness-
of-fit of the forecast with the measured concentrations. 
The metrics include correlation coefficient (r), mean bias 
error (MBE), and the mean absolute percentage error 
(MAPE) (Koo et al. 2012; EPA 2007):

• The correlation coefficient (r) explains the strength 
of the relationship between the forecasted PM2.5 
concentrations and the observed concentration. 

• The mean bias error (MBE) explains the average bias 
in the forecast with the measured concentration. 
A positive bias indicates that the forecast is 
overestimating while a negative bias indicates the 
forecast is underestimating.

• The mean absolute percentage error indicates the 
average error in forecasting compared with the 
measured concentration.

We also used accuracy as a metric to determine whether 
the forecast can predict the ‘Very poor’ and ‘Severe’ 
air quality categories. Accuracy here is defined as 
the number of correct predictions of the AQI category 
divided by the total number of predictions. We evaluate 
these metrics over different time horizons to examine 
how well the forecast performs for different time 
periods. Hence, we consider the first 24-hour forecast 
(day 1), the next 24-hour forecast (day 2), and the last 
24-hour forecast (day 3) for the analysis. More 
information about the evaluation metric is given in the 
Annexure. 

2.2 Assessing forecast 
performance
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We also assess whether a model can capture spatial 
variations in pollution levels across the city. The spatial 
data file to us is available only for UE, we used that to 
assess station-level validation of the forecast. To do 
this, we first mapped the spatial grid of a forecast with 
the location of the regulatory monitor through a spatial 
intersection. Then, we calculated the performance 
metrics at each location with the intersecting grid. 
If more than one grid intersected, we calculated the 
average of the grids. Finally, we used the median 
of the metric across the stations to report the final 
performance. 

2.3 Evaluating the impact of 
emergency measures on Delhi’s air 
quality
We also attempt to evaluate if the pre-emptive 
emergency measures that were taken by CAQM 
and GNCTD had any impact on Delhi’s air quality. 
Additionally, we also explain the primary drivers that 
influence Delhi’s air quality this season — its sources 
and meteorological influences. For information on 
measures taken, we scanned through the directions and 
orders available on the CAQM website. We also perused 
relevant news articles that talked about the steps being 
taken to manage air pollution in the city. 

3. Results and discussion
2021 was marked by prolonged monsoons — the delayed 
retreat of the monsoons resulted in a longer clean 
air spell during the monsoon months and delayed 
the harvesting of crops in the north-western states of 
Punjab, Haryana, and Uttar Pradesh. With a drop in 
local wind speeds and an increase in the emission load 
from agricultural waste burning in nearby regions, 
Delhi’s air quality started deteriorating from the second 
week of October 2021. In response, CAQM ordered 
strict enforcement of the GRAP from 19 October 2021. 
Though the government increased vigilance, NCR’s air 
quality worsened further. The air quality breached the 
‘Severe’ mark for five straight days following Diwali (4 
November).

Finally, on 16 November 2021, CAQM came down heavily 
on polluting sources through its first emergency order of 
the season, which was followed by subsequent orders. 
Construction and demolition activities, freight and 
passenger traffic, and power plants and industries were 
the sectors targeted through this series of orders and 
directions. To facilitate compliance, CAQM also set up 

central and state-level task forces to enforce, monitor, 
and supervise the implementation of the orders and 
directions (CAQM 2021a; CAQM 2021b). In the following 
paragraphs, we discuss the air quality during this 
winter, the impact of meteorology, the contribution of 
different sources, and the performance of forecasts. 
Finally, we discuss upon whether the actions taken 
by CAQM resulted in any improvement in Delhi’s air 
quality. 

3.1 Air quality in winter 2021
Despite the aforementioned measures, Delhi’s air 
quality in the winter period (15 October 2021–15 January 
2022) did not fare better than in the previous two years 
(Figure 2(a)). During the winter of 2021, about 75 per cent 
of the days, air quality was in the ‘Very poor’ to ‘Severe’ 
category. The city’s pollution hotspots, which were 
first identified in 2018, did not show any improvement 
compared to the last two years as well (Figure 2(b)). 
Please note that we have used nine hotspots in this 
analysis, selected using the criterion that ≥ 75 per cent 
of data is available in a year. This highlights the need 
for hyperlocal monitoring and clamping down of local 
sources. Even though stubble burning had a delayed 
start in 2021, around 85 per cent of the fires in Punjab, 
Haryana, and Uttar Pradesh happened during the 
stubble burning phase (i.e., 15 October – 15 November 
2021). More details on the number of fires are given in 
the annexure. 

We find that despite the region recording the highest 
number of fires in the last five years, Delhi’s air quality 
was better during the stubble burning phase in 2021 
(i.e., 161 µgm-3) compared to 2020 (i.e., 214 µgm-3). 
This disproves the commonly held view that stubble 
burning is the primary contributor to the city’s winter 
pollution. Therefore, it is important to understand that 
improvement in air quality relies on how well year-
round sources (both local and outside city boundaries) 
are managed. The contribution of sources during the 
winter is discussed in section 3.3. 

3.2 Influence of meteorology on air 
quality  
Meteorological conditions play a crucial role in air 
quality, especially during winters. Low temperatures 
and ventilation parameters like wind speed and mixing 

Delhi’s pollution hotspots which were 
first identified in 2018 did not show 
any significant improvement so far.
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Figure 2(a) No significant improvement in air quality days during winters in Delhi

Figure 2(b) Delhi’s hotspots in 2021 did not fare any better compared to 2019 and 2020

Source: Authors’ analysis, data from Central Pollution Control Board (CPCB).

Source: Authors’ analysis, data from Central Pollution Control Board (CPCB).

Note: Air quality index (AQI) for the day is calculated using the PM2.5 concentration at the same stations with a minimum of 75 
per cent of the data being available.
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layer height can prevent the dispersion of pollution. 
Given the impact winter meteorological conditions 
have on Delhi’s air quality, it would be premature to 
comment on changes in air quality without assessing 
the prevailing meteorological conditions. To explain 
how meteorology impacted pollution this season, we 
use a parameter called the ventilation index, which 
is a measure of the atmospheric potential to disperse 
pollutants. It is defined as the product of wind speed 
and mixing layer height. A higher ventilation index is 
favourable for dispersion while a low ventilation index 
results in the trapping of pollution. On comparing 
observed PM2.5 levels with hourly ventilation 
levels during the stubble burning phase, we see a 
negative correlation of about 0.4 between the PM2.5 
concentration and ventilation Index (Figure 3). 

The relatively lower concentrations during the stubble 
burning phase in 2021 despite a higher number of fires 
can also be explained by the relatively higher ventilation 
levels (Figure 3). Another meteorological factor 
that played a crucial role was rainfall. During 15–26 
December 2021, the air quality was much worse than in 
2020. However, the air quality improved substantially 
during 26 December 2021–15 January 2022, compared 
to the previous year, due to five rain and six trace rain 
days. More details on the impact of meteorology for 
respective phases are given in the annexure. While 
the impact of meteorological conditions on Delhi’s air 
quality can be demonstrated, these conditions cannot 
be controlled. Therefore, the only way to improve air 
quality is by cutting down emissions. 
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To understand which sectors need to be targeted to 
cut down emissions and subsequently improve air 
quality, reliable information on emissions and source 
contributions is a must. For this study, we explore two 
such sources of information — IITM’s DSS and UE’s air 
quality forecasts for Delhi. In the following sections, we 
summarise and compare the information provided by 
both systems. Based on this comparison, we identify the 
key sources of pollution during the different phases of 
winter 2021.

3.3 Contribution of different 
sectors to air quality  
Existing research on source contributions to Delhi’s 
pollution suggests that the relative contribution 
of different polluting sectors varies seasonally. 
Contributions also vary within the same season. To 
identify the key drivers of pollution in Delhi in 2021, 
we reviewed modelled source contribution estimates 
provided by IITM’s DSS and UE air quality forecasts 
for Delhi. We also used UE district level forecasts that 
has larger spatial coverage to study the sources outside 
the city boundary. Moreover, to understand the role of 
stubble burning, we also considered modelled estimates 
by SAFAR.

In 2021, there was significant debate around the actual 
contribution of stubble burning to Delhi’s pollution 
pie. The number of fires reported during the stubble 
burning phase in 2021 was the highest in the last five 
years. Cumulatively, about 80,000 farm fires were 
reported in Punjab, Haryana, and Uttar Pradesh during 
15 October-15 November 2021. 

We find that the average contribution of stubble burning 
during this period was around 17 per cent as per SAFAR, 
32 per cent as per UE, and 12 per cent as per DSS. The 
estimates of the open fire relative contribution differ 
across the three models as each model considers 
different sector-wise absolute contributions that vary 
in terms of configuration (i.e., domain size and spatial 
resolution) and the emissions inventories they use. And, 
therefore, the relative contributions differ in value as 
well. 

We find that about two-thirds of Delhi’s winter pollution 
comes from outside the city’s boundaries (Figure 4(a)). 
According to UE, biomass burning of agricultural 
waste during the stubble burning phase and burning 
for heating and cooking needs during the peak winter 
phase is estimated to be a major contributor to city’s 
pollution load(Figure 4(b)). Locally, transport (12 per 
cent), dust (7 per cent), and domestic biomass burning 
(6 per cent) contribute the maximum to the PM2.5 
pollution load of the city. While transport and dust are 
perennial sources of pollution in the city, residential 
space heating is a seasonal source. But this seasonal 
contribution is so significant that, as the use of biomass 
as a heat source in and around Delhi starts going up 
as winter progresses, the residential sector becomes 
the single largest contributor in the peak winter phase 
(Figure 4(b)). It is important to note here that the DSS 
in the current form can apportion the share of nearby 
districts in Delhi’s pollution load. However, it does 
not identify the specific sources within these districts 
that need to be controlled. More details on the forecast 
contribution are given in the Annexures. 

Figure 3 The stubble burning phase in 2021 had better air quality due to improved ventilation levels

Source: Authors’ analysis, pollutant data from Central Pollution Control Board (CPCB) and meteorological data from European Centre for 
Medium-Range Weather Forecasts (ECMWF). 
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Figure 4(a) Transport, dust, and domestic biomass burning are the largest local sources of pollution in Delhi 

Figure 4(b) Both local and regional sources need to be targeted for reducing Delhi’s pollution

Source: Authors’ analysis, source contribution data from UE.

Note: Data retrieved from UE district product which have larger coverage and lower spatial resolution.
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The differences in the findings of the two forecasting 
models, UE and DSS, can be attributed to the different 
modelling inputs that the systems rely on. For instance, 
both systems use different emission inventories. The 
use of different inventories can result in significantly 

different modelled contributions of sources. As 
evidenced by previous assessments, existing emission 
inventories for Delhi vary significantly in their estimates 
for emissions from different polluting sectors (Jalan and 
Dholakia 2019).

Source: Authors’ analysis, source contribution data from DSS and UE.

Note: Modelled estimates of relative source contributions retrieved from UE and DSS.
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Figure 5 All forecasts can capture the trend but underpredict with respect to measured concentrations 

Regardless of the variations in estimated source shares, 
it is clear that addressing transport-related emissions 
should be GNCTD’s priority. Firstly, restrictions on the 
movement of private vehicles should be introduced 
as soon as the models sound an alarm for ‘Very 
poor’ to ‘Severe’ air quality conditions in the coming 
days. Secondly, emissions related to space heating, 
both locally and in nearby districts, highlight how 
energy poverty in this region has unintended 
consequences for air pollution. Finally, emergency 
response measures should be enforced stringently 
across the NCR states. This will reduce the pollution 
load in the region and will benefit locally and across 
the Indo-Gangetic plain.

3.4 How did the different 
forecasting systems perform?
As mentioned previously, this was the first time 
forecasted air quality and meteorological conditions 
were considered while rolling out preventive measures. 
However, to integrate forecasts into decision-making, 
continuous validation of the forecast is critical. As 
described in the methodology section, we assess the 
performance of models by comparing the modelled and 
measured concentrations through different performance 
metrics. 

From Figure 5, we can see that all the forecasts 
capture the trend in line with measured particulate 
concentration at the city level. In the case of the AQ-EWS 
(3-day) and AQ-EWS (10-day), the correlation is in the 
range of 0.54–0.87, while UE forecasts correlate in the 
range of 0.69–0.80. Moreover, all the forecast models 
have a mean absolute percentage error of less than 40 
per cent. However, it is worth noting that all the models 
on average are underpredicting with respect to the 
average ground observations. Among all the forecasts, 
AQ-EWS (3-day) was found to have the lowest mean bias 
in the range of –3.7 µgm–3 to –9.5 µgm–3.    

Accuracy in predicting high pollution 
episodes decreases for future time 
horizons  
One of the main objectives of the forecast is to provide 
timely alerts specifically for high pollution episodes 
(‘Very poor’ and ‘Severe’ categories). We found that for 
day 1, the AQ-EWS (3-day) forecast can predict with 
an accuracy of 73 per cent while the AQ-EWS (10-day) 
forecast has an accuracy of 62 per cent (Table 2). In the 
case of UE, the accuracy is about 53 per cent. For day 
2, the accuracy reduces for all the models – AQ-EWS 
(3-day) is about 56 per cent accurate, AQ-EWS (10-day) 
is 53 per cent accurate, while UE is about 44 per cent 
accurate. For day 3, for AQ-EWS (3-day), AQ-EWS (10-
day), and UE, the accuracy reduced to 50 per cent, 42 
per cent, and 36 per cent, respectively.  
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trend but underpredict measured 
concentrations

Differences in the findings of the 
forecasting models can be attributed 
to the different modelling inputs 
that the systems rely on.
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We find that AQ-EWS (3-day) has the lowest bias and 
the highest accuracy in predicting high pollution 
episodes. It is important to note that the AQ-EWS 
assimilates surface PM2.5 observations and MODIS 
AOD measurements to accurately determine the initial 
conditions, while the UE forecast system does not use 
any assimilation. While assimilation certainly improves 
model performance, the bias between predicted 
and measured concentrations helps diagnose the 
uncertainties in emission estimates that feed into the 
model. 

Station-level validation of the forecast 
PM2.5 concentration varies across the city due to 
multiple factors such as population distribution, land 
use, and local emission sources, i.e., the presence of 
small-scale industries, construction activities, traffic 
density, etc. To assess whether the modelled forecasts 
were able to capture this spatial variation in pollution 
levels, we compared modelled concentrations at 
monitoring station locations and the concentration 
reported by these monitoring stations. We consider 
the intersection of the spatial grids from UE’s and 
the location of regulatory monitors, and compare the 
modelled and measured concentrations. As seen in 
Figures 6 and 7, the model captures the trend reported 
by the regulatory monitors and performs reasonably 
across the regulatory locations. The forecast has a 
median correlation of about 0.69 and a median MAPE 
of 29 per cent. Further, the forecast does underpredict 
with a median bias of –25 µgm–3. Finally, the model can 
predict high pollution days with a median accuracy of 
about 54 per cent.

14

Table 2 The accuracy of forecasts decreases for future 
time horizons

Source: Authors’ analysis, forecast data from AQ-EWS and UE.
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Figure 6 The model can capture the variation across the regulatory monitors

Source: Authors’ analysis, forecast data from UE.
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3.5 Did the emergency actions 
work?
As discussed previously, emergency actions taken in 
2021 ranged from a ban on construction sites, entry of 
diesel trucks into Delhi, temporary closure of power 
plants and industries, shutting down of schools, and 
mandating 50 per cent attendance in offices. The 
directions targeted a range of pollution sources. 

We find that all the forecasts except AQ-EWS (3-day) 
underpredict PM2.5 levels between 16 November 2021 
and 20 December 2021, when all the restrictions were 
more or less in place simultaneously. With the existing 
information, it is not possible to gauge the effectiveness 
of the restrictions based on a comparison of forecasted 
and measured concentrations. Therefore, multiple 

models or different modelling experiments are needed to 
estimate the effectiveness of the intervention. However, 
it is interesting to note that while the restrictions were 
in place, air quality did not descend into the ‘Severe +’ 
category. Further, when all the restrictions were in place 
along with better meteorology, air quality did improve 
from ‘Severe’ to ‘Poor’. However, as soon as all the 
restrictions were lifted on 20 December 2021, the PM2.5 
levels remained above 250 µgm–3 for the next six days 
(Figure 8). As seen in Figure 5, forecasts were able to 
sound an alarm for high pollution levels in the following 
days but the restrictions were lifted. 

Therefore, multiple models or 
different modelling experiments are 
needed to estimate the effectiveness 
of the intervention.

Figure 8 The lifting of the restrictions was ill-timed as high pollution levels were forecasted for the following days

Source: Authors’ analysis, data from Central Pollution Control Board (CPCB). 

Note: C&D stands for construction and demolition activities. Work from home (WFH) stands for the 50% cap on employee attendance in the 
office. Industrial restrictions stand for compulsory switching over to Piped Natural Gas (PNG) or other cleaner fuels within industries and 
non-compliant industries being allowed to operate restrictively.
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4. Recommendations 
Using forecasts to drive ground-level action is not 
new in India — the IMD has used forecasts to roll out 
mitigation measures in the event of a cyclone since the 
institution’s establishment in 1875. Over the years, the 
cyclone warning system has undergone a sea change 
on the back of improvements in forecast accuracy as 
well as in standard operating procedure (SOP) driven 
mitigation measures. As a result, the loss of human life 
fell from around 10,000 (1999 Odisha cyclone) to around 
20 (2013 cyclone Phailin) within 14 years (IMD 2019). 
With the Indian experience in forecast-based emergency 
responses to cyclones serving as a reference, we 
recommend the following to help the GNCTD and CAQM 
plan and execute emergency measures in response to 
pollution episodes:
 

4.1 Rethinking the GRAP
The GRAP was launched in 2017 for Delhi NCR. It 
provides action protocols to be taken when the AQI 
reaches certain categories. However, it did not work 
effectively in Delhi because its actions are triggered 
by measured concentrations. On the other hand, in 
cities like Beijing and Brussels, emergency actions 
are announced based on forecasted concentrations. 
Therefore, GRAP must be redesigned such that 
actions are triggered by forecasted source 
contributions and forecasts of pollution peaks. It is 
evident that locally, transport and dust are the major 
contributors to Delhi’s pollution. Therefore, restrictions 
on the movement of vehicles should be introduced when 
air quality is forecasted to be in ‘Very poor’ and ‘Severe’ 
categories. Parking charges levied on private vehicles 
parked on public land in residential areas can be used 
to partially finance public transport subsidisation. For 
instance, in Brussels, public transport is made free 
for the entire period when ‘orange’ or ‘red’ alerts have 
been triggered (Brussels Environment 2021). Also, on 
forecasted ‘Very poor’ and ‘Severe’ air quality days, 
GNCTD can introduce the concept of ‘No Driving Day’ 
along the same lines as the ‘Hoy No Circula’ programme 
in Mexico City, where private vehicles are banned on 
one weekday per week depending on the last digit of 
the licence plate. This programme has been successful 
in reducing vehicular pollution in Mexico City (Molina 
et al. 2019). Similar best practices can be assessed and 
evaluated in Delhi and other non-attainment cities to 
tackle air pollution.

4.2 Targeting domestic biomass 
burning in peak winters
Domestic biomass burning was found to be one 
of the leading contributors of pollution in Delhi 
NCR, especially as winter progressed. Surveys can 
be done in residential areas across the NCR to assess 
the prevalence of the use of biomass for heating and 
cooking. Based on this, a targeted support mechanism 
must be evolved to allow households and others to use 
cleaner fuel for cooking and heating. Equally, there is 
a need to assess alternatives — specifically for space 
heating – and promote adoption among the larger 
public.

4.3 Encouraging citizens to take 
preventive measures by relaying 
forecasts to the general public
Individual-level action can be catalysed by relaying 
forecasts to the citizenry through social media 
platforms like Twitter, Facebook, and WhatsApp. The 
public can be encouraged to take preventive measures 
like avoiding unnecessary travel and wearing masks 
while stepping out. This will have the dual effect of 
reducing the individual’s exposure to pollution as well 
as on-ground activity levels.

4.4 Incorporating ground actions 
and insight in the modelling
The accuracy of the forecast in predicting pollution 
levels and source contributions depends largely 
on the emissions inventory used. However, there are 
uncertainties in emissions estimates and limitations in 
understanding local activities. Therefore, social media 
posts (texts and photos) and camera feeds from public 
places can be used to improve the accuracy of forecasts. 
For instance, the machine learning–based forecasting 
system developed by IBM and deployed in Beijing 
utilises social media posts and camera feeds to fine-
tune its forecasts. The incorporation of pictures and text 
improved the accuracy of the forecasts by 20 per cent 
(Guerrini 2016). In India, and Delhi specifically, there are 
attempts to understand local sources where citizens can 

16

Therefore, GRAP must be redesigned 
such that actions are triggered by 
forecasted source contributions and 
forecasts of pollution peaks.
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A crowdsource emission inventory/
pollution source map for the NCT 
of Delhi will benefit modellers and 
policymakers alike.

report polluting activities through the use of different 
apps like SAMEER, Green Delhi, and SDMC 311. Data 
from these apps can be incorporated into the model 
to improve the accuracy of the forecast. Ultimately, a 
crowd-sourced emissions inventory for the NCT of Delhi 
and the NCR will benefit modellers and policymakers 
alike while also making transparent the efforts to curtail 
polluting activity. 

4.5 Aggregating the multiple 
air quality forecasts for better 
coordination and accuracy
Weather prediction has improved substantially in 
the last few decades through the use of ensemble 
methods. An ensemble method is a probabilistic 
approach that takes the inputs from various forecasts 
and produces a measure of central tendency (Brasseur 
et al. 2019; Zhang et al. 2012). An important example is 
the ENSEMBLE system of the Copernicus Atmosphere 
Monitoring Service (CAMS), which is the regional 
forecasting service of the European Union’s earth 
observation programme, Copernicus. The ENSEMBLE 
system takes the forecasts of nine different chemical 
transport models (CHIMERE, EMEP, EURAD-IM, 
LOTOS-EUROS, MATCH, MOCAGE, SILAM, DEHM, and 
GEM-AQ) and produces the median of the forecast 
values at all grid points over Europe (Copernicus 
Atmosphere Monitoring Service 2020). CAQM can work 
collaboratively with air quality modellers and have an 
ensemble air quality forecast to drive action. This could 
improve the accuracy of air quality forecasts and lead to 
better coordination and engagement.

5. Conclusion
Though air pollution in Delhi is a year-round problem, 
the city experiences several pollution peaks during 
winter. 2021 was no different as air quality remained 
‘Poor’ to ‘Severe’ for most of the winter. The worsening 
air quality prompted the CAQM to roll out a slew 
of restrictions that targeted construction activities, 
vehicular traffic, and power plants. Though these 
emergency response measures prevented the air quality 
from worsening to the ‘Severe +’ level, but still remained 
in ‘Very poor’ to ‘Severe’ categories during these 
restrictions.

Our analysis estimates how air quality in October 
2021-January 2022 fared in comparison to the previous 
year. We find that the period from 15 November 2021 
to 15 January 2022 mirrored the trend seen in the last 
few years. On the other hand, an improvement in the 

air quality in the stubble burning phase (i.e., from 
15 October 2021 to 15 November 2021) was observed 
compared to last year. This improvement was largely 
driven by better atmospheric conditions compared to 
last year even though the number of fires in Punjab, 
Haryana, and Uttar Pradesh was higher than the last 
year. Since meteorology is beyond human control, 
the only way to improve air quality is by controlling 
emissions. We find that transport, dust, and domestic 
biomass burning are the largest local contributors to 
pollution in the city. The contribution from domestic 
biomass burning also increased as temperatures started 
dipping in late November. Understanding forecasted 
source contributions and pollution peaks are critical 
for targeted action. But having multiple forecasts, 
which is the case in Delhi, is an opportunity and 
barrier for effective on-ground delivery. Therefore, it 
is of paramount importance to assess the reliability of 
the available forecasts. We find in our analysis that all 
the forecasts can get the pollution trend right though 
underpredict pollution episodes (i.e., ‘Severe’ and ‘Very 
poor’ air quality days).

The year 2021 marked a first in the use of forecasts 
to guide decision-making in the capital’s air quality 
management sphere. The CAQM used meteorological 
and air quality forecasts to time and tailor emergency 
measures this winter. During restrictions, all forecasts 
except AQ-EWS (3-day) under predicted PM2.5. Hence, 
it is not possible to gauge the effectiveness of the 
restrictions based on the difference between forecasted 
and measured concentrations. Nevertheless, we 
highlight that lifting all the restrictions, except the 
one on industries, on 20 December 2021, was ill-timed 
with all the forecasts predicting high pollution levels 
in the following days. Aided by the worsening of 
meteorological conditions following 20 December 2021, 
the forecast turned out to be accurate as the PM2.5 levels 
remained above 250 µgm-3 for the next six days. 

We emphasise the importance of calibrating response 
measures to forecasted source contributions and the 
need for timely roll-out of pre-emptive measures. This 
will eliminate the need for ad hoc ex-post measures 
under GRAP. We highlight that forecasts should be 
made available to citizens to encourage them to 
undertake localised efforts to improve air quality. 
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We recommend the incorporation of social media posts, 
camera feeds from public places, and data from various 
pollution-related grievance registration applications like 
SAMEER, Green Delhi, and SDMC 311 into forecasting 
models to improve their accuracy. The creation of a 
crowd-sourced emissions inventory for Delhi will be 
beneficial to both modellers and policymakers. We also 
recommend combining data from the multiple forecasts 
available for Delhi through the ensemble method, which 
outputs a summary statistic of the data that is input 
from multiple models. The ensemble approach could 
potentially yield better results than individual input 
models and can further allow CAQM to work in 
collaboration with forecasters.  

References

Agarwal, Shivang, Sumit Sharma, Suresh R., Md H. Rahman, Stijn 

Vranckx, Bino Maiheu, Lisa Blyth, et al. 2020. “Air Quality 

Forecasting Using Artificial Neural Networks with Real 

Time Dynamic Error Correction in Highly Polluted Regions.” 

Science of the Total Environment, 735 (September). http://

doi.org/10.1016/j.scitotenv.2020.139454.

Air Quality Research Subcommittee of the Committee on Envi-

ronment and Natural Resources (AQRS-CENR). 2001. “Air 

Quality Forecasting: A Review of Federal Programs and 

Research Needs.” https://www.esrl.noaa.gov/csd/AQRS/

reports/forecasting.pdf. 

AQ-EWS. 2021. “About Us”. Air Quality Early Warning System for 

Delhi. Accessed December 15, 2021. https://ews.tropmet.res.

in/dss/aboutus.php.

Beig, Gufran, S.K. Sahu, V. Anand, S. Bano, S. Maji, A. Rathod, N. 

Korhale, et al. 2021. “India’s Maiden Air Quality Forecast-

ing Framework for Megacities of Divergent Environments: 

The SAFAR-Project.” Environmental Modelling & Software 

145 (November): 105204. https://doi.org/10.1016/j.env-

soft.2021.105204.

Beijing Municipal Government. 2020. “Heavy Air Pollution Contin-

gency Plan of Beijing Municipality.” Accessed February 11, 

2022. http://english.beijing.gov.cn/government/lawsand-

policies/202007/t20200723_1957210.html. 

Borge, Rafael, Begoña Artíñano, Carlos Yagüe, Francisco Javier 

Gomez-Moreno, Alfonso Saiz-Lopez, Mariano Sastre, Adolfo 

Narros, et al. 2018. “Application of a Short Term Air Quality 

Action Plan in Madrid (Spain) under a High-Pollution Epi-

sode - Part I: Diagnostic and Analysis from Observations.” 

Science of the Total Environment 635: 1561–73. http://doi.

org/10.1016/j.scitotenv.2018.03.149.

Brasseur, Guy P., Ying Xie, Anna Katinka Petersen, Idir Bouarar, 

Johannes Flemming, Michael Gauss, Fei Jiang, et al. 2019. 

“Ensemble Forecasts of Air Quality in Eastern China-Part 

1: Model Description and Implementation of the MarcoPo-

lo-Panda Prediction System, Version 1.” Geoscientific Model 

Development 12 (1): 33–67. http://doi.org/10.5194/gmd-12-33-

2019.

Brussels Environment. 2020. “Brussels pollution peak plan (PM2,5, 

PM10 et NO2).” Accessed December 11, 2021. https://qualit-

edelair.brussels/content/plan-pics-de-pollution-bruxellois-

pm25-pm10-et-no2.

CAQM. 2021a. “Circulars/Orders.” Commission for Air Quality Man-

agement in National Capital Region and Adjoining Areas. 

Accessed December 20, 2021. https://caqm.nic.in/index1.

aspx?lsid=2075&lev=1&lid=2078&langid=1.

CAQM. 2021b. “Directions.” Commission for Air Quality Manage-

ment in National Capital Zegion and Adjoining Areas. 

Accessed Zecember 20, 2021. https://caqm.nic.in/Index1.

aspx?lid=1073&lsid=1070&pid=1062&lev=2&langid=1. 

Copernicus Atmosphere Monitoring Service. 2020. “Regional 

Production, Updated Documentation Covering all Re-

gional Operational Systems and the ENSEMBLE.” https://

atmosphere.copernicus.eu/sites/default/files/2020-09/

CAMS50_2018SC2_D2.0.2-U2_Models_documenta-

tion_202003_v2.pdf.

Central Pollution Control Board (CPCB). 2009. “National Ambient 

Air Quality Standards.” Central Pollution Control Board. 

https://Central Pollution Control Board (CPCB).nic.in/

uploads/National_Ambient_Air_Quality_Standards.pdf.

DSS. 2021. “About Us.” Decision Support System for Air Quality 

Management in Delhi. Accessed December 15, 2021. https://

ews.tropmet.res.in/dss/aboutus.php.

Environmental Protection Agency (EPA). 2007. “Guidance on the 

Use of Models and Other Air Quality Goals for Ozone, PM2.5, 

and Regional Haze.” https://nepis.epa.gov/Exe/ZyPDF.cgi/

P1009OL1.PDF?Dockey=P1009OL1.PDF. 

Ghude, Sachin D., Rajesh Kumar, Chinmay Jena, Sreyashi Debnath, 

Rachana G. Kulkarni, Stefano Alessandrini, Mrinal Biswas, 

et al. 2020. “Evaluation of PM2.5 Forecast Using Chemical 

Data Assimilation in the WRF-Chem Model: A Novel Initia-

tive under the Ministry of Earth Sciences Air Quality Early 

Warning System for Delhi, India.” Current Science 118 (11): 

1803–15. http://n2t.net/ark:/85065/d7k35xvq.

Ghude, Sachin D., Rajesh Kumar, Gaurav Govardhan, Chinmay 

Jena, Ravi S. Nanjundiah, and M. Rajeevan. 2022. “New 

Delhi: Air-Quality Warning System Cuts Peak Pollution.” 

Nature 602 (7896). Nature Research: 211. http://doi.

org/10.1038/D41586-022-00332-Y.

Guerrini, Federico. 2016. “How Beijing is Using Data from Social 

Media and IoT to Boost Air Pollution Forecasting.” Forbes. 

Accessed December 15, 2021. https://www.forbes.com/sites/

federicoguerrini/2016/05/21/how-beijing-is-using-big-data-

from-social-media-and-iot-to-improve-air-pollution-man-

agement/?sh=365b10765c80. 

18

https://www.sciencedirect.com/science/article/abs/pii/S0048969720329715?via%3Dihub
https://www.sciencedirect.com/science/article/abs/pii/S0048969720329715?via%3Dihub
https://csl.noaa.gov/aqrsd/reports/forecasting.pdf
https://csl.noaa.gov/aqrsd/reports/forecasting.pdf
https://ews.tropmet.res.in/dss/aboutus.php
https://ews.tropmet.res.in/dss/aboutus.php
https://www.sciencedirect.com/science/article/abs/pii/S1364815221002462?via%3Dihub
https://www.sciencedirect.com/science/article/abs/pii/S1364815221002462?via%3Dihub
http://english.beijing.gov.cn/government/lawsandpolicies/202007/t20200723_1957210.html
http://english.beijing.gov.cn/government/lawsandpolicies/202007/t20200723_1957210.html
https://www.sciencedirect.com/science/article/abs/pii/S0048969718309094?via%3Dihub
https://www.sciencedirect.com/science/article/abs/pii/S0048969718309094?via%3Dihub
https://gmd.copernicus.org/articles/12/33/2019/
https://gmd.copernicus.org/articles/12/33/2019/
https://qualitedelair.brussels/content/plan-pics-de-pollution-bruxellois-pm25-pm10-et-no2
https://qualitedelair.brussels/content/plan-pics-de-pollution-bruxellois-pm25-pm10-et-no2
https://qualitedelair.brussels/content/plan-pics-de-pollution-bruxellois-pm25-pm10-et-no2
https://caqm.nic.in/index1.aspx?lsid=2075&lev=1&lid=2078&langid=1
https://caqm.nic.in/index1.aspx?lsid=2075&lev=1&lid=2078&langid=1
https://caqm.nic.in/Index1.aspx?lid=1073&lsid=1070&pid=1062&lev=2&langid=1
https://caqm.nic.in/Index1.aspx?lid=1073&lsid=1070&pid=1062&lev=2&langid=1
https://atmosphere.copernicus.eu/sites/default/files/2020-09/CAMS50_2018SC2_D2.0.2-U2_Models_documentation_202003_v2.pdf
https://atmosphere.copernicus.eu/sites/default/files/2020-09/CAMS50_2018SC2_D2.0.2-U2_Models_documentation_202003_v2.pdf
https://atmosphere.copernicus.eu/sites/default/files/2020-09/CAMS50_2018SC2_D2.0.2-U2_Models_documentation_202003_v2.pdf
https://atmosphere.copernicus.eu/sites/default/files/2020-09/CAMS50_2018SC2_D2.0.2-U2_Models_documentation_202003_v2.pdf
https://www.cpcb.nic.in/standards/
https://www.cpcb.nic.in/standards/
https://ews.tropmet.res.in/dss/aboutus.php
https://ews.tropmet.res.in/dss/aboutus.php
https://nepis.epa.gov/Exe/ZyPDF.cgi/P1009OL1.PDF?Dockey=P1009OL1.PDF
https://nepis.epa.gov/Exe/ZyPDF.cgi/P1009OL1.PDF?Dockey=P1009OL1.PDF
https://opensky.ucar.edu/islandora/object/articles:23419
https://www.nature.com/articles/d41586-022-00332-y
https://www.nature.com/articles/d41586-022-00332-y
https://www.forbes.com/sites/federicoguerrini/2016/05/21/how-beijing-is-using-big-data-from-social-media-and-iot-to-improve-air-pollution-management/?sh=de7d41e5c803
https://www.forbes.com/sites/federicoguerrini/2016/05/21/how-beijing-is-using-big-data-from-social-media-and-iot-to-improve-air-pollution-management/?sh=de7d41e5c803
https://www.forbes.com/sites/federicoguerrini/2016/05/21/how-beijing-is-using-big-data-from-social-media-and-iot-to-improve-air-pollution-management/?sh=de7d41e5c803
https://www.forbes.com/sites/federicoguerrini/2016/05/21/how-beijing-is-using-big-data-from-social-media-and-iot-to-improve-air-pollution-management/?sh=de7d41e5c803


Improving Air Quality Management through Forecasts: A Case Study of Delhi’s Air Pollution of Winter 2021

Guttikunda, Sarath K., and Giuseppe Calori. 2013. “A GIS-Based 

Emissions Inventory at 1 Km × 1 Km Spatial Resolution 

for Air Pollution Analysis in Delhi, India.” Atmospheric 

Environment 67: 101–11. http://doi.org/10.1016/j.at-

mosenv.2012.10.040.

IMD. 2019. “Cyclone Warning System in India.” India Meteorologi-

cal Department. Accessed December 27, 2021. https://www.

tropmet.res.in/ip4/ppt/28112019/1%20CWS-final(27Nov).

pdf.

Jalan, Ishita, and Hem H Dholakia. 2019. “What Is Polluting Delhi’s 

Air? Understanding Uncertainties in Emissions Invento-

ries.” New Delhi: Council on Energy, Environment and 

Water: https://www.ceew.in/publications/what-is-pollut-

ing-delhi-air. 

Jena, Chinmay, Sachin D. Ghude, Rajesh Kumar, Sreyashi Debnath, 

Gaurav Govardhan, Vijay K. Soni, Santosh H. Kulkarni, G. 

Beig, Ravi S. Nanjundiah, and M. Rajeevan. 2021. “Per-

formance of High Resolution (400 m) PM2.5 Forecast over 

Delhi.” Scientific Reports 11 (1). Nature Publishing Group 

UK: 1–9. doi:10.1038/s41598-021-83467-8.

Koo, Youn Seo, Sung Tae Kim, Jin Sik Cho, and Young Kee Jang. 

2012. “Performance Evaluation of the Updated Air Quality 

Forecasting System for Seoul Predicting PM 10.” Atmo-

spheric Environment 58 (3): 56–69. https://doi.org/10.1016/j.

atmosenv.2012.02.004.

Kumar, Rajesh, Sachin D. Ghude, Mrinal Biswas, Chinmay Jena, 

Stefano Alessandrini, Sreyashi Debnath, Santosh Kulkar-

ni, et al. 2020. “Enhancing Accuracy of Air Quality and 

Temperature Forecasts During Paddy Crop Residue Burning 

Season in Delhi Via Chemical Data Assimilation.” Journal 

of Geophysical Research: Atmospheres 125 (17). https://doi.

org/10.1029/2020JD033019.

Kurinji, L. S., Adeel Khan, and Tanushree Ganguly. 2021. “Bending 

Delhi’s Pollution Curve: Learnings from 2020 to Improve 

2021.” Council in Energy, Environment and Water. https://

www.ceew.in/sites/default/files/ceew-study-on-controlling-

delhi-air-pollution-2021.pdf.

Madrid City Council. 2018. “Action Protocol for Episodes of Contam-

ination by Nitrogen Dioxide in the City of Madrid.” https://

www.madrid.es/UnidadesDescentralizadas/Sostenibilidad/

CalidadAire/Ficheros/ProtocoloNO2AprobFinal_201809.pdf.

Mexico City Government. 2019. “Program to Prevent and Respond 

to Atmospheric Environmental Contingencies in Mexico 

City.” Official Gazette of Mexico City. 

Molina, Velasco, Retama, and Zavala. 2019. “Experience from 

Integrated Air Quality Management in the Mexico City 

Metropolitan Area and Singapore.” Atmosphere 10 (9): 512. 

https://doi.org/10.3390/atmos10090512.

Mullins, Jamie, and Prashant Bharadwaj. 2015. “Effects of Short-

Term Measures to Curb Air Pollution: Evidence From Santi-

ago, Chile.” American Journal of Agricultural Economics 97 

(4): 1107–34. http://doi.org/10.1093/ajae/aau081.

NASA. 2021. “Fire Information for Resource Management System.” 

Accessed February 22, 2022. https://firms.modaps.eosdis.

nasa.gov/.

SAFAR. 2021. “Forecast modelling and supercomputing.” Accessed 

December 15, 2021. http://safar.tropmet.res.in/FORECAST-

ING-46-4-Details. 

Sahu, Saroj Kumar, Gufran Beig, and Neha S. Parkhi. 2011. 

“Emissions Inventory of Anthropogenic PM2.5 and PM10 

in Delhi during Commonwealth Games 2010.” Atmospheric 

Environment 45 (34): 6180–90. http://doi.org/10.1016/j.

atmosenv.2011.08.014.

The Energy and Research Institute (TERI) and Automotive Research 

Association of India (ARAI). 2018. “Source Apportionment 

of PM2.5 & PM10 Concentrations of Delhi NCR for Identifica-

tion of Major Sources.” https://www.teriin.org/sites/default/

files/2018-08/AQM-SA_0.pdf. 

The Local. 2019. “Why This German City Plans to Make Public 

Transport Free.” The Local, June 18. https://www.thelocal.

de/20190618/why-this-german-city-plans-to-make-public-

transport-free/. 

UE. 2021. “Delhi - Air Quality Forecasts.” Accessed December 15, 

2021. https://urbanemissions.info/delhi-air-quality-fore-

casts/.  

Williams, Ron, Vasu J Kilaru, Emily G Snyder, Amanda Kaufman, 

Timothy Dye, Andrew Rutter, Ashley Russell, and Hilary 

Hafner. 2014. “Air Sensor Guidebook.” U.S. Environmental 

Protection Agency, Washington, DC, EPA/600/R-14/159 

(NTIS PB2015-100610). https://cfpub.epa.gov/si/si_public_

record_report.cfm?dirEntryId=277996&simpleSearch=1&-

searchAll=air+sensor+guidebook. 

World Health Organization. WHO Global Air Quality Guidelines. Par-

ticulate Matter (PM2.5 and PM10), Ozone, Nitrogen Dioxide, 

Sulfur Dioxide, and Carbon Monoxide. Geneva: World Health 

Organization. https://apps.who.int/iris/bitstream/handle

/10665/345329/9789240034228-eng.pdf?sequence=1&isAl-

lowed=y. 

Zhang, Yang, Marc Bocquet, Vivien Mallet, Christian Seigneur, and 

Alexander Baklanov. 2012. “Real-Time Air Quality Forecast-

ing, Part I: History, Techniques, and Current Status.” Atmo-

spheric Environment 60: 632–55. http://doi.org/10.1016/j.

atmosenv.2012.06.031.

19

https://www.sciencedirect.com/science/article/abs/pii/S1352231012010229?via%3Dihub
https://www.sciencedirect.com/science/article/abs/pii/S1352231012010229?via%3Dihub
https://www.tropmet.res.in/ip4/ppt/28112019/1%20CWS-final(27Nov).pdf
https://www.tropmet.res.in/ip4/ppt/28112019/1%20CWS-final(27Nov).pdf
https://www.tropmet.res.in/ip4/ppt/28112019/1%20CWS-final(27Nov).pdf
https://www.ceew.in/publications/what-is-polluting-delhi-air
https://www.ceew.in/publications/what-is-polluting-delhi-air
https://www.sciencedirect.com/science/article/abs/pii/S1352231012001197?via%3Dihub
https://www.sciencedirect.com/science/article/abs/pii/S1352231012001197?via%3Dihub
https://agupubs.onlinelibrary.wiley.com/doi/10.1029/2020JD033019
https://agupubs.onlinelibrary.wiley.com/doi/10.1029/2020JD033019
https://www.ceew.in/sites/default/files/ceew-study-on-controlling-delhi-air-pollution-2021.pdf
https://www.ceew.in/sites/default/files/ceew-study-on-controlling-delhi-air-pollution-2021.pdf
https://www.ceew.in/sites/default/files/ceew-study-on-controlling-delhi-air-pollution-2021.pdf
https://www.madrid.es/UnidadesDescentralizadas/Sostenibilidad/CalidadAire/Ficheros/ProtocoloNO2AprobFinal_201809.pdf
https://www.madrid.es/UnidadesDescentralizadas/Sostenibilidad/CalidadAire/Ficheros/ProtocoloNO2AprobFinal_201809.pdf
https://www.madrid.es/UnidadesDescentralizadas/Sostenibilidad/CalidadAire/Ficheros/ProtocoloNO2AprobFinal_201809.pdf
https://www.mdpi.com/2073-4433/10/9/512
https://onlinelibrary.wiley.com/doi/abs/10.1093/ajae/aau081
https://firms.modaps.eosdis.nasa.gov/
https://firms.modaps.eosdis.nasa.gov/
http://safar.tropmet.res.in/FORECASTING-46-4-Details
http://safar.tropmet.res.in/FORECASTING-46-4-Details
https://www.sciencedirect.com/science/article/abs/pii/S135223101100834X?via%3Dihub
https://www.sciencedirect.com/science/article/abs/pii/S135223101100834X?via%3Dihub
https://www.teriin.org/sites/default/files/2018-08/AQM-SA_0.pdf
https://www.teriin.org/sites/default/files/2018-08/AQM-SA_0.pdf
https://www.thelocal.de/20190618/why-this-german-city-plans-to-make-public-transport-free/
https://www.thelocal.de/20190618/why-this-german-city-plans-to-make-public-transport-free/
https://www.thelocal.de/20190618/why-this-german-city-plans-to-make-public-transport-free/
https://urbanemissions.info/delhi-air-quality-forecasts/
https://urbanemissions.info/delhi-air-quality-forecasts/
https://cfpub.epa.gov/si/si_public_record_report.cfm?Lab=NERL&dirEntryId=277996&simpleSearch=1&searchAll=air+sensor+guidebook
https://cfpub.epa.gov/si/si_public_record_report.cfm?Lab=NERL&dirEntryId=277996&simpleSearch=1&searchAll=air+sensor+guidebook
https://cfpub.epa.gov/si/si_public_record_report.cfm?Lab=NERL&dirEntryId=277996&simpleSearch=1&searchAll=air+sensor+guidebook
https://apps.who.int/iris/bitstream/handle/10665/345329/9789240034228-eng.pdf?sequence=1&isAllowed=y
https://apps.who.int/iris/bitstream/handle/10665/345329/9789240034228-eng.pdf?sequence=1&isAllowed=y
https://apps.who.int/iris/bitstream/handle/10665/345329/9789240034228-eng.pdf?sequence=1&isAllowed=y
https://www.sciencedirect.com/science/article/abs/pii/S1352231012005900?via%3Dihub
https://www.sciencedirect.com/science/article/abs/pii/S1352231012005900?via%3Dihub


Improving Air Quality Management through Forecasts: A Case Study of Delhi’s Air Pollution of Winter 2021

Adeel Khan    
adeel.khan@ceew.in  |       @Adeelkh97

Adeel is a Research Analyst at CEEW. He works on air quality data from monitoring stations, satellite retrievals, and 
model outputs to recommend policy level decisions for clean air. He is an alumnus of the TERI School of Advanced 
Studies and St Stephen’s College, Delhi.

Uday Suryanarayanan   
uday.suryanarayanan@ceew.in           

Uday is a Research Analyst at The Council. He works on projects aimed at improving the air quality in India, using 
data-driven policy insights to propel change. He is an alumnus of the TERI School of Advanced Studies and Maharaja 
Agrasen College, Delhi.  

Tanushree Ganguly    
tanushree.ganguly@ceew.in  |       @tanushree_g  

Tanushree is a Programme lead at The Council. She works on understanding and addressing current regulatory 
challenges to implement clean air policies effectively. She is a certified engineer-in-training under Californian law and 
an alumnus of the Georgia Institute of Technology.

Karthik Ganesan     
karthik.ganesan@ceew.in  |       @KaygeeAtWork  

Karthik is a Fellow and Director of Research Coordination at The Council. He has been analysing energy and its linkages 
to the economy for the past eight years. He is an alumnus of the National University of Singapore and IIT Madras.

COUNCIL ON ENERGY, ENVIRONMENT AND WATER (CEEW)

ISID Campus, 4, Vasant Kunj Institutional Area
New Delhi - 110070, India

info@ceew.in | ceew.in |        @CEEWIndia |        ceewindia

The authors

 Copyright © 2022 Council on Energy, Environment and Water (CEEW). 

 Open access. Some rights reserved. This work is licensed under the Creative Commons Attribution Non-

commercial 4.0. International (CC BY-NC 4.0) license. To view the full license, visit: www.creativecommons.

org/licenses/by-nc/4.0/legalcode.  

Suggested citation: Khan, Adeel, Uday Suryanarayanan, Tanushree Ganguly, and Karthik Ganesan. 2022. Improving Air Quality 

Management through Forecasts: A Case Study of Delhi’s Air Pollution of Winter 2021. New Delhi: Council 

on Energy, Environment and Water.

Disclaimer:  The views expressed in this report are those of the authors and do not reflect the views and policies of the 

Council on Energy, Environment and Water or Bloomberg Philanthropies.     

Peer reviewers:  Dr Sachin Ghude, Scientist E, Indian Institute of Meteorology (IITM); Dr Kamna Sachdeva, Associate 

Professor, TERI School of Advanced Studies (TERISAS); Dr Gaurav Govardhan, Scientist C, IITM; 

 Dr Sarath Guttikunda, Director, UrbanEmissions.Info; Mihir Shah, Strategic Communication Lead, CEEW; 

Mohammad Rafi, Programme Associate, CEEW. 

Publication team:  Kartikeya Jain (CEEW); Alina Sen (CEEW); The Clean Copy; Twig Designs; and FRIENDS Digital Colour 

Solutions.

Organisation: The Council on Energy, Environment and Water (CEEW) is one of Asia’s leading not-for-profit policy 

research institutions. The Council uses data, integrated analysis, and strategic outreach to explain – and 

change – the use, reuse, and misuse of resources. It prides itself on the independence of its high-quality 

research, develops partnerships with public and private institutions, and engages with wider public. In 

2021, CEEW once again featured extensively across ten categories in the 2020 Global Go To Think Tank 

Index Report. The Council has also been consistently ranked among the world’s top climate change think 

tanks. CEEW is certified as a Great Place To Work®. Follow us on Twitter @CEEWIndia for the latest updates.

https://www.ceew.in/adeel-khan
https://mobile.twitter.com/adeelkh97
https://www.ceew.in/uday-suryanarayanan
https://www.ceew.in/tanushree-ganguly
https://twitter.com/tanushree_g?lang=en
https://www.ceew.in/karthik-ganesan
https://twitter.com/kaygeeatwork?lang=en
https://www.ceew.in/
https://twitter.com/CEEWIndia
https://www.instagram.com/ceewindia/?hl=en
http://www.creativecommons.org/licenses/by-nc/4.0/legalcode
http://www.creativecommons.org/licenses/by-nc/4.0/legalcode
https://www.ceew.in/

