EVIDENCE REPORT - DELHI AIR QUALITY

Delhi's Fine-Particle
Pollution, in Full
1980 to July 2026

Forty-seven years of the capital's air, reconstructed from satellite and
reanalysis to 2022, then carried to the present by Delhi's own monitors, with
the weather taken out.
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change lies inside it. These are the pre-monitor decades, reconstructed rather than measured, as section 11 sets out.
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1. What this report does, in plain words

Delhi had no working network of air-quality monitors until well into the 2000s, so a simple
question has no direct answer from measurement: how dirty was the city's air before anyone
was measuring it, and how does that compare with the air of today? A companion report
answered that question to 2022. This one carries the record to July 2026, because the last
three and a half years are the ones a reader is actually living in, and because they turn out to
settle an argument the earlier record could only open.

Two things had to be built. The reconstruction that reaches back to 1980 stops at December 2022, so
the recent years come from Delhi's own monitors, joined to it by a rule chosen on evidence and set out
in full in section 9. The weather is then stripped out of the whole forty-seven years at once, since
pollution on any day is a contest between what the city emits and what the wind and the mixing depth
do with it.

1. The rise happened once, and nothing since has undone it. Delhi's fine-particle
pollution climbed from about 54 micrograms in every cubic metre of air in the 1980s to about
88 by the 2000s, and it has sat there ever since, at 87 through the 2010s and 88 in this decade.

2. Eighteen years of that plateau show no direction at all. The trend since 2010 is
+0.18 micrograms a year and cannot be told apart from zero, at p = 0.66. Any claim of a recent
fall depends entirely on which year the counting starts, which is why section 4 prices every

possible start year rather than choosing one.

3. Delhi has never once met its own law. In forty-seven years not a single year reached
India's annual standard of 40 micrograms, and none came near the World Health
Organization's 5. The cleanest year on record, 1983, was still 1.1 times the Indian standard.

4. Winter is where the record moves, and it moves the wrong way. While the annual
average stood still, the November to January mean has risen +1.62 micrograms a year since
2000, on one observing basis throughout, at p = 0.028 and a 95 per cent range of +0.20 to
+3.04. That is about 42 micrograms added to every Delhi winter in a quarter of a century, and
the winter mean has gone from 148 across the 2000s to 174 across the last ten, a rise of 17 per
cent with no seam crossed.

5. Two faults were found in this office's own working data. Five months read as
exactly zero, four of them in the dirtiest part of 1999, and read naively they would have made
1999 the one year Delhi met its own standard. The published dataset turned out to be sound
and two local files damaged, so nothing here is interpolated. Section 10 sets out what was

found, what was first concluded and why that was wrong.

Sources: read 11 August 2026. LongPMInd (Wang et al., Earth System Science Data, 2024) for 1980 to 2022; CPCB and DPCC continuous

monitors via CREA for 2023 to July 2026; ERA5 weather via the Open-Meteo archive. Analysis in-house.
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2. The question, and why the answer is not obvious

Fine particles, written PM2.5, are airborne specks smaller than 2.5 micrometres, which makes them
about thirty times finer than a human hair. They matter more than any other pollutant for health,
because they lodge deep in the lung and then cross into the blood. The limits are strict accordingly. The
World Health Organization's 2021 guideline is an annual average no higher than 5 micrograms per
cubic metre, with a twenty-four-hour value of 15 that a compliant city may exceed on three or four days
a year. Because most of the world is far above that, the same guideline sets four staged interim targets
on the way to it, at 35, 25, 15 and 10 as annual means. Delhi is above every one of the four. India's own
National Ambient Air Quality Standard is more permissive again, since it allows 40 as an annual

average and 60 over twenty-four hours.

Judging whether Delhi is winning or losing needs two things that are easily confused. One is the level,
which is what people breathe. The other is the direction, which is what policy can claim credit for. A
city can be dangerously polluted while improving, or dangerously polluted while static, and the same
annual number is consistent with both. Separating them needs a long record, because a short one
measures the weather, and it needs the weather removed, because an unusually still winter can imitate
a policy failure exactly.

Sources: read 11 August 2026. World Health Organization Global Air Quality Guidelines, 2021; India's National Ambient Air Quality

Standards, notified 2009. LongPMInd (Wang et al., Earth System Science Data, 2024) for 1980 to 2022; CPCB and DPCC continuous

monitors via CREA for 2023 to July 2026; ERA5 weather via the Open-Meteo archive. Analysis in-house.

3. The long arc, 1980 to July 2026

Across forty-seven years the shape is a staircase with one step in it. Delhi sat near 54 micrograms
through the 1980s, which was already many times the WHO guideline, drifted up through the 1990s,
then climbed to a plateau near 88 which it has not left since.

Those figures come from the reconstruction, and the reconstruction is not the harshest witness
available. On Delhi's own monitors, run by the government, the city breathed 104.3 micrograms in
2024. That is twenty-one times the World Health Organization's guideline and 2.6 times India's own
legal limit, with no model anywhere in the chain. The winter that ended in 2026 averaged 200.5, which
is 40 times the guideline. The reconstruction used for the long history reads a few micrograms lower,
because it averages a ten-kilometre square rather than a set of street addresses, and both figures are
printed here so the reader can see the gap rather than be told about it.

Sources: read 11 August 2026. CPCB and DPCC continuous monitors via CREA, fixed panel of continuously reporting CPCB and DPCC
stations; the exposure day-counts above use every reporting station; 366 days in 2024. WHO Global Air Quality Guidelines 2021 annual
guideline 5; India NAAQS annual 40. Analysis in-house.

That is one city's average, and a reader is entitled to ask whether it is one bad sensor or one bad
neighbourhood. It is neither. Across a window reaching from Delhi into Haryana and Uttar Pradesh, 37
government reference monitors held at least three years of daily readings between 2019 and 2025, 10 of
them outside Delhi's jurisdiction altogether. Not one of the 37 met India's own annual
standard, and not one met the World Health Organization's. The cleanest of them all is not in

Delhi at all: it is at Hapur, and it reads 64.6 micrograms, which is 1.6 times India's limit and 13 times
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the WHO's. This is a census of the instruments, not a sample from them, so it needs no model and no
significance test: the boundary of Delhi is not what contains this problem.

Sources: read 11 August 2026. CPCB, DPCC, UPPCB, HSPCB and RSPCB continuous monitors via OpenAQ, daily values 2019 to 2025,
reference monitors only, each with at least three years of data. Analysis in-house.

How much of that climb is Delhi's air and how much is the instrument that changed in 2000 cannot be
separated on this data, so this report will not quote a single figure across the join. The satellite record
the reconstruction is built on gained a major instrument in March 2000, and the series steps 15.8
micrograms between 1999 and 2000 alone, which is more than any real year-to-year rise in the record.
Fitting one straight line through all forty-six years gives +1.06 micrograms a year; allowing that step its
own term drops the same line to +0.23. So the two periods are reported separately, each on one
observing basis throughout: +0.51 a year through 1980 to 1999, with a 95 per cent range of +0.21
to +0.81, and +0.11 a year from 2000 to 2025, range -0.27 to +0.48, which includes no change at
all. Delhi rose, and it never came down. What this record cannot support is a precise multiple for how
far.

As measured or Weather Times India's 40, as Times the Trend within

reconstructed removed measured WHO's 5 the era

+0.78 a year, p

The 1980s 51 54 1.3 10.1
=0.07
+0.26 .
The 1990s 56 59 1.4 11.1 ayear,p
=0.58
+1. ,
The 2000s 88 88 2.2 17.5 45ayear, p
=0.04
+0.73 a year,
The 20108 90 87 2.3 18.0 IR P
=0.42
The 2020s, to -1.01ayear,p =
92 88 2.3 18.4
2025 0.60

No era since 2000 moves by more than two micrograms from the one before it, which is the plateau stated as a table:
whatever happened to Delhi's air happened before this century's second decade began.

The step between the 1990s and the 2000s spans the 2000 instrument change described above, so part of it is the
satellite record and not Delhi's air. Compare within a basis, never across that boundary.

ERLETS Sources: read 11 August 2026. De-weathered and as-measured annual means over full calendar years. LongPMInd (Wang et al.,
Earth System Science Data, 2024) for 1980 to 2022; CPCB and DPCC continuous monitors via CREA for 2023 to July 2026; ERA5 weather
via the Open-Meteo archive. Analysis in-house.

(THEPGINT Delhi has spent every one of the last two and a half decades between seventeen and nineteen times the
level the World Health Organization calls safe.
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Delhi has never once met its own annual standard in forty-seven years.
The rise stopped; the pollution did not.
120 -

the reconstruction ends 2022;
Delhi's own monitors carry it on
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(not a full year, so not on the ling)
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Figure 1. Delhi annual mean PM2.5, 1980 to July 2026. Slate is the record as measured, or as reconstructed for the
years before the monitors. Red is the same record with the weather removed. The dotted vertical marks where the
reconstruction ends and Delhi's own monitors take over. The two dashed fits are drawn inside one measurement basis
each and never across the 2000 instrument change: +0.51 a year to 1999, and +0.11 a year after it, a rate whose range
includes no change at all.

G The two lines run almost together, which is the visual proof that the rise is emissions and not weather, since removing
the weather barely moves the path. The second fit is flat, and a flat line here is not a recovery: it is a quarter of a century spent at
about eighteen times the WHO guideline, and section 6 shows the winters worsening throughout it.

The 2026 diamond is January to July only and is deliberately kept off the line, because a part year that excludes
November and December cannot be compared with a full one. Section 7 places it properly.

Sources: read 11 August 2026. LongPMInd (Wang et al., Earth System Science Data, 2024) for 1980 to 2022; CPCB and DPCC
continuous monitors via CREA for 2023 to July 2026; ERA5 weather via the Open-Meteo archive. Analysis in-house.

(THEBGINT) The staircase has one step and then a landing that is now a quarter of a century long, held far above
every limit in force.

Set out by decade the same story is starker, because the averaging removes the year-to-year weather
noise that makes a single year arguable. The 1980s and the 1990s belong to one regime and everything

from 2000 belongs to another, and the two decades since have added nothing and taken nothing away.

The rise happened once, in the 2000s, and nothing since has undone it
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Figure 2. Decade means of de-weathered PM2.5, with each decade expressed as a multiple of the WHO guideline of 5
micrograms. The 2020s bar covers 2020 to 2025, the full years available.

GEXEITD Three decades at about the same height is the finding, because the 2000s, the 2010s and the 2020s differ by less than
two micrograms, which is well inside the year-to-year noise.

The gap between the 1990s bar and the 2000s bar spans the 2000 instrument change, so part of that one step is the
satellite record rather than Delhi's air. Every later comparison sits on one basis and is unaffected.

Sources: read 11 August 2026. As Figure 1, de-weathered means over full calendar years only. LongPMInd (Wang et al., Earth
System Science Data, 2024) for 1980 to 2022; CPCB and DPCC continuous monitors via CREA for 2023 to July 2026; ERA5 weather via the
Open-Meteo archive. Analysis in-house.

(THEIPGINT) Delhi's air got worse once, in a single decade, and it has been held there for a quarter of a century
since, although three governments have legislated against it.
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A map of levels is safe only when each panel holds one period on one measurement basis, because then
no panel contains a comparison and no arithmetic crosses the instrument change of 2000. Cut that way
the record separates into four regimes, each with a different claim on the reader's confidence, and each
of them far above every limit in force. The fifth panel restates the same four levels as multiples of the
World Health Organization's guideline, which is the unit a reader can act on, and it keeps the two
measurement bases apart rather than running them together into a single rising line.

Delhi and North India: how dirty the air actually was, period by period. Nothing here is ever close to safe.

(d) 2019 to 2025, month by month (e) how far above safe
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its interim target 3 (15) and India's own standard (40), 5o the eye reads distance from safe.

Figure 3. Annual mean PM2.5 across Delhi and North India, one panel per period, with Delhi outlined. Panels (a) to (c)
are the reconstruction, each a level inside a single period on a single basis. Panel (d) is Delhi's own monitors month by
month, measured, because no gridded product exists after 2022. Panel (e) restates the four levels as multiples of the WHO
guideline, with the two measurement bases kept apart. One colour scale governs every panel, and it is cut at the limits
rather than at round numbers.

Nothing here is ever close to safe. The four periods read 11, 17, 19 and 20 times the WHO guideline, so the record never
drops below eleven times it on any basis, and the whole plain is dark in every panel rather than Delhi alone.

Do not read the step from (a) to (b) as Delhi worsening. It is 34 micrograms, of which about 26 is the satellite record
gaining MODIS in 2000. Panels (c) and (d) overlap in time and differ by about six per cent, with the monitors reading HIGHER, so
the reconstruction is the conservative witness rather than a flattering one.

Sources: read 11 August 2026. Per-cell means within each period on the LongPMInd grid for (a) to (¢); CPCB and DPCC
monitors via CREA for (d) and (e). LongPMInd (Wang et al., Earth System Science Data, 2024) for 1980 to 2022; CPCB and DPCC
continuous monitors via CREA for 2023 to July 2026; ERA5 weather via the Open-Meteo archive. Analysis in-house.

(THEFGINT) Even crediting the whole year-2000 step to the instrument, the least-instrumented period in the
record still stands at eleven times the guideline.

4. The plateau has not broken

The extension to July 2026 exists to answer one question, and the answer is no. Fitting a trend to the
de-weathered record since 2010 gives +0.18 micrograms a year, with a 95 per cent range of -0.67 to
+1.03 that comfortably contains zero. Since 2015 the figure is +0.26, range -1.48 to +2.00. Since 2018
it turns negative at -1.93, range -4.34 to +0.48, which again spans no change, and it is negative for a
reason worth naming,.

2018 was the dirtiest year in the record. A trend measured from a peak slopes downward whether or
not anything real has changed, which is the oldest trap in trend reporting and the easiest for any party
in office to fall into honestly. It matters here because the dataset this report is built on says exactly that
in its own abstract, reproduced in Annexure A: that 2018 was a turning point, that the National Clean

Air Programme was launched that year, and that concentrations fell across most of India between 2018
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and 2022. Three things are worth holding together. That decline is not claimed as statistically
significant by its authors, and attaches no p-value, where the same sentence marks the pre-2018 rise as
significant. For Delhi specifically it rests on five points and does not reach significance. And it ended
when the data did: on Delhi's own monitors 2023 and 2024 both read above 2022. The remedy is not
to argue about the right start year. It is to price every start year and print the lot, which is the right-
hand panel below.

The plateau has not broken. Any claim of a recent fall rests entirely on which year the counting starts.

No direction for eighteen years, and every one of them near 88 micrograms, Pick a start year, pick an answer.
which is about 18 times the WHO guideline. A plateau is not a recovery. Not one of these is statistically significant.
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Figure 4. Left, the last eighteen years as measured and de-weathered, with a smoother that imposes no breakpoint.
Right, the trend to 2025 computed from every start year between 2008 and 2018, one bar each.

CGEYITD 1he sign of the recent trend is a choice, not a finding. Start in 2013 and Delhi is worsening at +0.6 micrograms a year;
start in 2018 and it is improving at -1.9; and not one of the eleven bars is distinguishable from zero.

Not one of these eleven slopes is distinguishable from zero, so none should be quoted on its own in either direction.
They are a sensitivity display rather than a set of claims, which is why they carry p-values and not intervals.

m Sources: read 11 August 2026. De-weathered annual means, 1980 to 2025, ordinary least squares on the year. LongPMInd
(Wang et al., Earth System Science Data, 2024) for 1980 to 2022; CPCB and DPCC continuous monitors via CREA for 2023 to July 2026;
ERA5 weather via the Open-Meteo archive. Analysis in-house.

(THEEGINT) Anyone claiming Delhi's air is now improving, or now worsening, is reporting their choice of start
year rather than the city's air.

A finding this consequential should not rest on one team's arithmetic, so it was put to a second source.
MERRA-2 is NASA's atmospheric reanalysis, produced by a different institution on a different method,
and it runs without a break from 1980 to the present. It is not wholly independent of the
reconstruction, because the reconstruction takes MERRA-2 composition among its inputs, and that

shared parentage is exactly why the two agree on some things and not others. It also reads Delhi far too
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low in absolute terms, which is a known property of a global model over a dense urban source area, so
it is used here for direction alone.

The two disagree about single years and agree on the only thing being claimed: neither finds a trend since 2015

120 -

110 -

each series againsie BT 2OMNQ 2010 average

2015 to 2019 average

90 7

index, each series against its own
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=@ this report's Delhi series ~ =—@= MERRA-2, NASA's reanalysis, which this series is partly built on

T T T T T T
2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

Figure 5. This report's Delhi series against NASA's MERRA-2 reanalysis, each indexed to its own 2015 to 2019 average
so that the two can be compared on direction alone. Dashed lines are the trend through each.

The two lines disagree sharply about individual years, correlating at only 0.20, and they agree on the only claim being
made here, which is that neither shows a trend since 2015.

A weak year-to-year correlation is a real limitation and is printed rather than hidden. It means the cross-check supports
the verdict on the trend and supports nothing at all about any single year.

Sources: read 11 August 2026. MERRA-2 M2T1NXAER surface mass, assembled to PM2.5 the standard way, over a 25 km radius
of central Delhi, via Google Earth Engine, against this report's own series. Analysis in-house.

(THEIPGINT) Two institutions working on two methods reach one verdict on the question asked, which is that the
plateau has not broken.

5. Winter, where the burden actually falls

A flat annual average is not the same as a still city, and the seasonal record shows why. Delhi's
pollution has always been seasonal, because the cold months bring a shallow mixing layer and slack
winds that trap emissions near the ground, while the monsoon washes the air and stirs it deep. What
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has changed is the size of the gap. November now averages 191 micrograms and August about 34, a
ratio of 5.6 to one.

Every winter is the crisis, and the winters have kept darkening while the annual average stood still (1980 to July 2026)

G 2002-03  monitors from herd]

1980 1985 1990 1995 2000 2005 2010 2015 2020 2025

Figure 6. Every month of every year, 1980 to July 2026. Each column is a year and each row a calendar month, with
green cleaner and dark red dirtier. The last four cells of 2026 are blank because the year has not reached them.

The reddening runs along the bottom rows and not the middle ones, which is the whole seasonal argument in one
image: the winters darkened while the monsoon months stayed where they were.

The colour scale is common to all forty-seven years, so that a cell which looks similar across two decades genuinely is
similar. It is not rescaled by decade, which would have flattered the recent years.

Sources: read 11 August 2026. As Figure 1, monthly means. LongPMInd (Wang et al., Earth System Science Data, 2024) for
1980 to 2022; CPCB and DPCC continuous monitors via CREA for 2023 to July 2026; ERA5 weather via the Open-Meteo archive. Analysis in-
house.

(THEPGINT) Delhi does not have an air pollution problem spread evenly across the year, because what it has is a
winter emergency sitting on a baseline that is unsafe all year round.

Separating the two seasons makes the divergence measurable. Across the record the winter mean has
risen +1.62 micrograms a year since 2000 as measured, range +0.20 to +3.04, and +1.09 once the
weather is removed. Before 2000, on the other observing basis, the de-weathered rate was +1.09,
which is the same figure to two decimals, so the winter has risen at a steady pace across the whole
record and the pace does not depend on the instrument, while the monsoon months move by only +0.2
and end the record at about 37 micrograms. Since 2010 the winter trend is +0.9 a year, which does not
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reach significance at p = 0.34 and is worth watching, because it is the only part of the record still
pointing anywhere.

The two seasons parted company. The monsoon months barely moved, while every winter kept gaining.
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Figure 7. The November to January mean against the July to September mean, each year from 1980, both as measured.
Dashed lines are the least-squares trend through each, so they carry the as-measured slopes rather than the de-
weathered ones quoted above. December is counted with the winter it belongs to rather than the calendar year it falls in.
Each dashed line is fitted inside one measurement basis and never across the 2000 instrument change, so the rate before
that year and the rate after it are quoted separately.

G The two seasons parted company around 2000 and have not come back together, since the monsoon months have spent
the whole record close to India's annual standard while the winter months are now four times above it.

Winter carries the widest uncertainty in any satellite-era reconstruction, because thick haze is exactly the condition a
satellite reads worst. The direction is robust; the precise winter level for the pre-monitor years is not.

m Sources: read 11 August 2026. As Figure 1, seasonal means over complete seasons only. LongPMInd (Wang et al., Earth System
Science Data, 2024) for 1980 to 2022; CPCB and DPCC continuous monitors via CREA for 2023 to July 2026; ERA5 weather via the Open-
Meteo archive. Analysis in-house.

(THEPGINT) Any policy that moves the annual average while leaving November where it is has not touched the part
of the year that does the damage.

6. What Delhi actually breathed

Averages understate a pollution problem, because health damage follows the days rather than the
mean. Since 2018, when the monitor network became thick enough to describe the city honestly, Delhi
has recorded 3,134 days. Of those, 99.5 per cent breached the WHO twenty-four-hour guideline and
62.1 per cent breached India's own standard of 60. Seventeen days in eight and a half years were clean
by the WHO's measure.
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Sources: read 11 August 2026. CPCB and DPCC continuous monitors via CREA, 1 January 2018 to 31 July 2026. Analysis in-house.

Of the 3,134 days Delhi has properly measured since 2018, 99.5 per cent breached the WHO limit and 62.1 per cent breached India's own
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Figure 8. The share of each year's days above the WHO twenty-four-hour guideline of 15 micrograms and above India's
own twenty-four-hour standard of 60. 2026 covers January to July.

@GP The red bars are effectively full every year, so that the WHO measure no longer distinguishes one Delhi year from
another. Only the navy bars move, and they move within a band running from 52.2 to 72.1 per cent with no direction to it.

Years before 2018 are excluded, not because they were clean but because Delhi was barely measuring them, with a
median of four to seven reporting stations a day against about thirty-six now. A breach count over a handful of sites describes the
sites and not the city.

Sources: read 11 August 2026. CPCB and DPCC continuous monitors via CREA, 2018 to 31 July 2026. A station-day needs at
least sixteen valid hours, and the city day is the mean of qualifying stations. Analysis in-house.

(THEPGINT) The worst day in the window reached 593 micrograms, in 2024, which is nearly forty times the level
the WHO calls safe for a single day.

Year Days measured Above the WHO 15 Clean days Above India's 60 Worst day
2018 365 365 0 263 402
2019 365 362 3 244 553
2020 366 362 4 191 522
2021 365 365 (o} 215 417
2022 365 361 4 247 400
2023 365 363 2 212 376
2024 366 365 1 245 593
2025 365 363 2 213 384
2026 (to July) 212 211 1 116 337
All years 3,134 3,117 17 1,946 593

@CZXEITP Seventeen clean days in eight and a half years is the row that matters. The count of days above India's own standard has
moved between 52.2 and 72.1 per cent without settling anywhere.

A city daily mean is an average across about thirty-six monitors, so a resident beside a busy road or a construction site
breathed worse than every figure printed here, and a resident in a park breathed better.

Sources: read 11 August 2026. CPCB and DPCC continuous monitors via CREA, 2018 to 31 July 2026, city daily means under the
sixteen-hour completeness rule. Analysis in-house.

(THEBGINT) Clean air in Delhi is not rare. On the WHO's measure it has effectively stopped occurring.
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7. How to read a year that is only seven months old

2026 is incomplete, and an incomplete Delhi year always looks clean, because the months it is missing
are November and December. Comparing seven months against twelve is therefore not a small
imprecision but a guaranteed error in one direction. The only lawful comparison is like for like, which
means January to July of 2026 against January to July of every year before it.

On that basis 2026 reads 74.2 micrograms, against 81.8 for the same seven months averaged over 2019
to 2025, a difference of -9.3 per cent. It ranks 29th cleanest of 47, so it sits in the middle of the record
rather than at either end. July alone reads 39.4 against a recent July average of 36.9, so that the most
recent month in hand sits above its own benchmark rather than below it.

Sources: read 11 August 2026. As Figure 1, January to July means only. LongPMInd (Wang et al., Earth System Science Data, 2024) for

1980 to 2022; CPCB and DPCC continuous monitors via CREA for 2023 to July 2026; ERA5 weather via the Open-Meteo archive. Analysis

in-house.

The only lawful way to place a seven-month year: January to July, compared with the same seven months of every year since 1980

100 -

average of the last seven Januarys to Julys, 82

Figure 9. The January to July mean of every year from 1980, with 2026 in gold. The red line is the average of the same
seven months across 2019 to 2025.

2026: 74 to July, the 29th cleanest of 47, and still 15 times the WHO guideline
60

40—
S| 11
20 -

o-
1980 1990 2000 2010 2020

January to July mean (micrograms)

2026 sits below the recent average and near the middle of the record, 29th cleanest of 47, which is what a normal year
on a high plateau looks like when it is placed properly, rather than what a turning point looks like.

Seven months of one year cannot establish a trend under any circumstances, which is why this chart exists to prevent a
false reading of 2026 rather than to supply a confident one.

ELEILEE) Sources: read 11 August 2026. As Figure 1, January to July means only. LongPMInd (Wang et al., Earth System Science Data,
2024) for 1980 to 2022; CPCB and DPCC continuous monitors via CREA for 2023 to July 2026; ERA5 weather via the Open-Meteo archive.
Analysis in-house.

(THEBBINT) 2026 so far is an ordinary year on the plateau. It is neither the breakthrough nor the collapse that a
part-year number can be made to suggest.

8. The 2002-03 CNG switch, and what this record can and
cannot say about it

The most celebrated clean-air measure in Delhi's history belongs to this period, and it is worth setting
out what this record can and cannot say about it. Between 1998 and 2003 the Supreme Court, which
was hearing the M. C. Mehta litigation on the advice of the Bhure Lal Committee, ordered Delhi's entire
public transport fleet onto compressed natural gas. A court can order a switch, although it cannot
convert a bus. The conversion itself, which meant phasing out some 6,300 diesel buses through
operator strikes and street protests, had to be delivered by the elected Delhi government under Chief
Minister Sheila Dikshit and her Transport Minister, Ajay Maken.
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The conversion was the contested part, and the contemporaneous record is clear about who carried
it. In the Centre for Science and Environment's account, The Leapfrog Factor (2003), Delhi's
Transport Minister Ajay Maken, who "joined the government when the city was burning with riots
over the protests against CNG", "helped make the difference by implementing the court order
and becoming a champion of clean air and public transport." At the height of the
resistance, in April 2002, he held the line: "We are not blind. We are concerned about the health of
citizens, and there is no doubt that CNG is cleaner than diesel. We want to end this controversy

once and for all by implementing the order and phasing out diesel buses."

The air people could feel did improve, and the documented gains are in the gases rather than the
particles. Carbon monoxide roughly halved between 1998 and 2003, sulphur dioxide fell about a third,
lead fell about three quarters from unleaded petrol, and the black smoke of diesel buses disappeared,
because CNG burns without visible soot. Those are measured at ground level, by instruments that were
running at the time, and they are not in question.

A CLAIM THIS REPORT HAS WITHDRAWN

An earlier draft said the particles carried a matching fingerprint: that the reconstructed PM2.5 rise
slowed sharply at the switch, and that black carbon did the same. A four-triad review on 11 August
2026 established that the bend is an artefact of the satellite record and not of Delhi's air, and it is
withdrawn here rather than defended.

MERRA-2, whose aerosol fields feed the reconstruction, began assimilating the MODIS Terra
instrument in March 2000, and its fields step and then ramp until Aqua joins in mid-2002. A ramp
that ends in 2002 IS a steep rise followed by a flat one, with a bend at 2002-03, whether or not
anything happened on the ground. Run the same test at all 27,708 land cells of the dataset and 79 per
cent of India shows the same bend. Lucknow and Kanpur show it harder than Delhi. So does the
Thar desert, which has no buses. Measured against Lucknow, Kanpur and Patna, which share Delhi's
airshed and had no such conversion, Delhi's own effect has the wrong sign at p = 0.29. The bend
belongs to the satellite record and to a change the whole subcontinent shows, not to Delhi. Where any

part of it is real, it is regional, and it is not a Delhi policy effect.

The dataset's own authors record the same thing in the paper reproduced here as Annexure A: "The PM
concentrations jumped in 2000, which can be attributed to the absence of satellite data for MERRA-2
before 2000." This report bound that paper in and did not read its warning closely enough until a
review found it.

Sources: read 11 August 2026. Wang et al., Earth System Science Data 16, 3565 to 3577, reproduced as Annexure A, quoted from its section
4.3, Spatial and temporal trends; MERRA-2 via Google Earth Engine; all-cell screen over the LongPMInd grid. Analysis in-house.

One honest consequence deserves stating, because it cuts the other way. With this record's year-to-year
scatter, the smallest step it could reliably detect is about 22 micrograms, which is more than a quarter
of the period mean. Converting 6,300 buses in a city of this size could never have moved the citywide
average that far. The record was never able to see CNG's true effect, so its silence is not
evidence that the reform failed. What is withdrawn is a corroboration that was never load-
bearing, not the achievement it was offered in support of.

Why the air nonetheless stayed dirty is structural rather than a failure of the reform. Vehicle exhaust
from the public fleet was never the majority of Delhi's particle mass, since the source studies give
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roughly co-equal shares to vehicles, to road and construction dust, and to industry, on top of household
burning, open waste burning and pollution blown in from the wider region. Converting buses, autos
and taxis touched one slice of one of those shares, while Delhi's total vehicle count roughly doubled
between 2002 and 2012.

9. How the two records were joined, and why the join holds

The reconstruction and the monitors measure different things, which is why they cannot simply be laid
end to end. LongPMInd reports the average over a grid square about ten kilometres across, while the
monitors sit at about forty particular addresses, most of which were sited where people and traffic are.
The monitors accordingly read higher. Over the 60 months where both records exist and the network is
thick, from 2018 to 2022, they correlate at 0.996, so that the relationship is tight and the only open
question is what form it takes.

Four candidate rules were fitted on 2018 to 2020 and then judged on 2021 and 2022, which the fitting
never saw. The rule with the smallest error on those held-back years was kept, and the losers are
printed below so the choice is auditable rather than announced.

Error on the held- Share of

Rule tried . What it assumes
back years variation

Reads the monitors as though they

No correction at all 13.42 +8.60 0.931 .

were the grid
One ratio 6.25  +0.30 0.985 A single level factor for all months
A ratio for each calendar

5.42  +0.28 0.989  Twelve factors, one per month

month

Two numbers, fitted by least
Alevel and a slope 4.73 +0.50 0.991

squares

@EYIT Doing nothing is much the worst option, at an error of 13.4 micrograms against 4.7 for the rule chosen, which is why the
two records are not simply laid end to end.

All four rules leave a positive bias, so all four read the recent years slightly high against what the reconstruction would
have said. The chosen rule's bias is +0.50 micrograms, small rather than absent.

ERLE Sources: read 11 August 2026. Fitted on 2018 to 2020, judged on 2021 to 2022, then re-fitted on 2018 to 2022 before use.
LongPMInd (Wang et al., Earth System Science Data, 2024) for 1980 to 2022; CPCB and DPCC continuous monitors via CREA for 2023 to
July 2026; ERA5 weather via the Open-Meteo archive. Analysis in-house.

(THEFGINT) The join was chosen by a test it could fail, on years withheld from the fitting, rather than by
preference.

The join was then priced in two further ways. Anchoring the rule two years earlier, on 2019 and 2020
alone, and carrying the monitors forward to 2022 lands +2.2 micrograms from what the reconstruction
itself says for that year, or +2.5 per cent over two years, which is the honest uncertainty attaching to a

carry of this kind. Separately, the whole extension was rebuilt on a fixed panel of 35 stations reporting
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throughout 2021 to 2026, so that nothing in the recent movement could be an artefact of which
monitors happened to be switched on.

How the two records were joined, and why the join can be trusted

60 months where both records exist, correlation 0.996 Four rules were tried. The best on years it had never seen was kept.
® 2018 to 2020, used to fit the rule
® 2021 to 2022, kept back to judge it ° level and slope 4.7 chosen
== the chosen rule, 5.8 + 0.861 x monitors
< 200 i
=1 no correction at all
g L)
B
2 .
E aratio per month - 5.4
@ 150
g
S
B
5
2 100 one ratio - 6.2
8
&
2
0 - .
5 no correction - 13-4
T T v T i 0 0 1 il 0 i 0 T
50 100 150 200 o 2 4 6 8 10 12 14 16
Delhi's monitors, monthly mean (micrograms) error on the two years held back (micrograms)

Figure 10. Left, every month where both records exist, with the months used to fit the rule in slate and the months held
back to judge it in red. Right, the error each candidate rule made on those held-back years.

@GZXEITP The points sit tightly on a line, and the held-back months fall on it as neatly as the fitted ones, which is what a join looks
like when it will survive being extrapolated.

A rule validated over two years is being asked to carry three and a half. The drift test above is the reason a 2.5 per cent
band belongs on the recent levels, and it is why no claim here rests on a difference smaller than that.

Sources: read 11 August 2026. LongPMInd monthly against the CPCB monitor monthly mean for Delhi, 2018 to 2022. Analysis
in-house.

(THEPGINT) The recent years are joined to the history by a rule that was tested before it was trusted, and the size
of what could still be wrong is stated rather than assumed, because a join that hides its own error is worth nothing.

10. Two faults found in the working data, and what was done

Five months that read as zero, and were not missing at all

The Delhi series this office had been working from carried a value of exactly zero for five months:
September to December 1999, and December 2006. Zero micrograms per cubic metre does not occur
anywhere on earth, still less in Delhi in November. The damage was real, because four of the five are
the dirtiest months of their year: the 1999 annual mean came out at 37.6, which sits below India's
annual standard of 40, and would have made 1999 the single year in forty-seven that Delhi met its own
law. It did not.

The obvious repair was to interpolate the missing months from the years either side, and that repair
was made and then withdrawn, because opening the original rasters showed there was nothing missing
to repair. The published dataset is sound. Two local files were damaged, in two different ways, and
both damages announce themselves as zeros rather than as errors. The 1999 raster holds real values for
all twelve months, from 32.0 in September to 99.1 in December, and the zeros were manufactured here
by an extraction that ran while that file was still downloading. The 2006 raster was itself a truncated
download, 6,301,368 bytes against the 6,727,632 the repository publishes, and December 2006 really
was blank inside it. Re-fetched and checked against the published checksum, it holds 144.2.

So no value in this report is interpolated, invented or modelled: every month of the reconstruction is
the number the published dataset holds. The 1999 annual mean is 59.9 rather than 37.6, and 2006 is
82.7 rather than 70.6. The extraction now refuses to run at all if a raster is the wrong size, and refuses
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to publish a series containing an impossible value, so a half-written file cannot reach the analysis
quietly a second time.

Six months with no mixing height

The ERA5 weather archive carries no boundary-layer height for Delhi from 2 January to 30 June 2024,
a gap of 181 days confirmed as missing at source rather than lost in transit. Mixing height is the most
important single variable in a Delhi de-weathering, since it sets how deep an air column the day's
emissions are stirred into, so dropping it would have cost the analysis five months of 2024 and
therefore the whole year. The gap was filled from MERRA-2's independent boundary-layer height, put
on the ERAj5 scale by regression over the surrounding months, which correlate at 0.73. Dropping those
months entirely instead moves the trend since 2010 from +0.18 to +0.01 micrograms a year, so no
conclusion here depends on the repair.

Squaring this report with its companion

The companion report to 2022 sits beside this one and was rebuilt from the same repaired series on the
same day, so the two now share their history rather than merely resembling it. Across the 43 years both
cover, the typical difference between them is 0.6 of a microgram and the largest is 2.4. Nothing in
either document turns on any of it.

What little movement remains has one cause, worth naming rather than smoothing over. The de-
weathering is fitted across whatever record it is given, so extending this one by three and a half years
slightly changes the monthly weather averages every year is measured against, and every de-weathered
year shifts a fraction in consequence. The share of variation attributed to weather moves from 11.7 to
12.5 per cent for the same reason. The decade levels barely notice: the 1980s read 53 there against 54
here, and 2013 to 2022 reads 86 against 87.

Sources: read 11 August 2026. LongPMInd (Wang et al., Earth System Science Data, 2024), Delhi grid cell; ERA5 via the Open-Meteo

archive; MERRA-2 M2TiNXFLX via Google Earth Engine. Companion report of 25 June 2026, Four Decades of Delhi's Fine-Particle
Pollution, 1980 to 2022. Analysis in-house.

11. Limitations, stated openly

« The years before 2000 are an extrapolation, since there were no ground monitors and no MODIS
satellite anchor, and the model behind them was trained only on 2018 to 2022. A level step at 2000
of the size measured here is, over forty-six years, itself a trend, so it is the QUANTUM that is
uncertain rather than only the early level. The two periods either side of that step are quoted
separately throughout, and each is sound on its own basis.

« The reconstruction reports a ten-kilometre area average and the monitors report about forty
addresses, which is why the join in section 9 exists and why a residual level difference of a few
micrograms is possible in either direction.

« Winter carries the widest error of any season, because thick haze is the condition a satellite reads
worst, so the winter finding should be read as a direction rather than as a precise slope.

« Nothing in the forty-seven years is interpolated, modelled or filled by this office: every
reconstruction month is the value the published dataset holds, and the one repair made anywhere is

the 181 days of mixing height in section 10.
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» The de-weathering removes the weather-explained part of each month, which is about 12 per cent
of the month-to-month variation. It does not remove long-run changes in Delhi's climate itself, so a

slow local trend towards stiller winters would still sit inside the de-weathered line.

« Nothing here apportions blame between sources or between governments, because a concentration

record cannot do that. It establishes what the air did and when, which is the prior question.

12. Conclusion

On the government's own monitors, with no model anywhere in the chain, Delhi breathed 104.3
micrograms in 2024 and 97.0 in 2025, the last full year: twenty-one and nineteen times the World
Health Organization's guideline, and 2.6 and 2.4 times India's own legal limit. The winter that ended in
2026 averaged 200.5. The long reconstruction says the same thing over a longer span, because Delhi's
air has sat at about eighteen times that guideline for a quarter of a century, and it is still there. That is
the finding. How it got there matters less than the fact that it has not left.

Delhi's fine-particle pollution rose once and steeply, from the 1990s into the middle of the 2000s, and
it has not moved since in either direction. That rise straddles the 2000 instrument change, which is
why this report quotes a rate inside each period and no multiple across the join. Forty-seven years of
record contain no year at India's own annual standard and no year at the World Health Organization's,
and since 2018 the city has recorded seventeen days that the WHO would call clean. No intervention in
those forty-seven years has left a mark large enough for this record to detect, and that includes the one
most often credited: the CNG conversion of 2002 and 2003, a genuine achievement in what it targeted,

which this record was never fine enough to weigh.

The most useful thing the extension adds is a warning about how the recent years will be argued over.
The trend since 2010 is indistinguishable from zero, and the sign of any shorter trend can be set at will
by choosing a start year, so both a claim of improvement and a claim of collapse can be defended from
the same data by anyone willing to pick their own baseline. The defensible statement is narrower and
harder. Delhi's air stopped getting worse about eighteen years ago, it has not begun getting better, and
its winters have gained about 42 micrograms since 2000 alone.

Sources: read 11 August 2026. LongPMInd (Wang et al., Earth System Science Data, 2024) for 1980 to 2022; CPCB and DPCC continuous

monitors via CREA for 2023 to July 2026; ERA5 weather via the Open-Meteo archive. Analysis in-house.
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ANNEXURE A

Wang, S., Zhang, M., Zhao, H., Wang, P., Kota, S. H., Fu, Q., Liu, C. and Zhang, H. (2024).
Reconstructing long-term (1980-2022) daily ground particulate matter concentrationsin India
(LongPMInd). Earth System Science Data, 16, 3565-3577. Reproduced in full on the following
pages as the peer-reviewed source of the primary data used for the years 1980 to 2022 of this
report (DOI: 10.5194/essd-16-3565-2024; CC BY 4.0). The years 2023 to July 2026 are not from
this dataset: they are Delhi's own CPCB and DPCC monitors, joined to it by the rule set out in
section 9.
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Abstract. Severe airborne particulate matter (PM, including PM» 5 and PMjg) pollution in India has caused
widespread concern. Accurate PM concentrations are fundamental for scientific policymaking and health impact
assessment, while surface observations in India are limited due to scarce sites and uneven distribution. In this
work, a simple structured, efficient, and robust model based on the Light Gradient-Boosting Machine (Light-
GBM) was developed to fuse multisource data and estimate long-term (1980-2022) historical daily ground PM
concentrations in India (LongPMInd). The LightGBM model shows good accuracy with out-of-sample, out-of-
site, and out-of-year cross-validation (CV) test R? values of 0.77, 0.70, and 0.66, respectively. Small performance
gaps between PM, 5 training and testing (delta RMSE of 1.06, 3.83, and 7.74 ugm™>) indicate low overfitting
risks. With great generalization ability, the openly accessible, long-term, and high-quality daily PM» 5 and PM
products were then reconstructed (10 km, 1980-2022). This showed that India has experienced severe PM pol-
lution in the Indo-Gangetic Plain (IGP), especially in winter. PM concentrations have significantly increased
(p < 0.05) in most regions since 2000 (0.34 uygm 3 yr~!). The turning point occurred in 2018 when the Indian
government launched the National Clean Air Programme, and PM» 5 concentrations declined in most regions
(—0.78 ugm—3 yr~!) during 2018-2022. Severe PM; 5 pollution caused continuous increased attributable pre-
mature mortalities, from 0.73 (95 % confidence interval (CI) [0.65, 0.80]) million in 2000 to 1.22 (95 % CI
[1.03, 1.41]) million in 2019, particularly in the IGP, where attributable mortality increased from 0.36 million
to 0.60 million. LongPMInd has the potential to support multiple applications of air quality management, public
health initiatives, and efforts to address climate change. The daily and monthly PM; 5 and PM1( concentrations
are publicly accessible at https://doi.org/10.5281/zenodo.10073944 (Wang et al., 2023a).

Published by Copernicus Publications.
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1 Introduction

Airborne particulate matter (PM, including PM» 5 with diam-
eters < 2.5 um and PMj¢ with diameters < 10 um) not only
impacts climate by changing radiation budgets but also has
significant adverse effects on human health (Murray et al.,
2020; Wang et al., 2012; Yang et al., 2016). India is one of
the world’s most populous countries, with severe PM pollu-
tion resulting from rapid economic development and indus-
trialization over the last few decades. Exposure to PMj 5 has
become one of the leading causes of health burden in India,
contributing to, for example, heart disease, stroke, lung can-
cer, and premature death (Pandey et al., 2021; Dandona et al.,
2017).

Accurate ground PM concentrations are prerequisites
for evidence-based policymaking and health impact assess-
ments. The Central Pollution Control Board (CPCB) of In-
dia has established and maintained ground-based monitoring
networks with ~ 335 continuous ambient air quality moni-
toring stations (CAAQMSs) currently. However, these moni-
toring sites are unevenly distributed (mainly located in urban,
residential, and industrial areas), with a limited number of
sites (monitoring density: ~ 0.6 sites per million population)
(Brauer et al., 2019), and many cities even have no monitor-
ing sites (Martin et al., 2019). Therefore, the surface obser-
vations alone are not sufficient to support air quality manage-
ment, especially on a regional scale (Pant et al., 2019; Dey et
al., 2020).

Two main approaches have been used for large-scale and
long-term PMj 5 estimation: scaling methods and statisti-
cal methods. Scaling methods use chemical transport models
(CTMs) to simulate the association between aerosol optical
depth (AOD) and PM3 5 and require no ground observations.
However, the relationship between PMj 5 and AOD is spa-
tially and temporally variable and without the constraints of
ground observations, so these methods usually have a large
uncertainty (Ma et al., 2022). Compared with scaling meth-
ods, statistical methods based on multivariate data fusion
have higher prediction accuracy and have been widely used.
Statistical models (traditional linear and nonlinear regression
and machine learning algorithms) estimate PM; 5 concentra-
tions by fitting the relationship between input variables (me-
teorological factors, emissions, and other relevant variables)
and target variables (Wang et al., 2023b; Wei et al., 2021a;
X. Ren et al., 2022; Katoch et al., 2023).

Tree-based machine learning (ML) models typically out-
perform deep learning approaches and traditional machine
learning methods in tabular data (e.g., air pollutant obser-
vation datasets) and thus have been widely developed and
used (Grinsztajn et al., 2022; Sayeed et al., 2022). Wei et al.
(2021a) and Li et al. (2021) reconstructed long-term PM» s
data records in China by fusing satellite, meteorological, and
emission data using a spatiotemporal tree-based model. Ni
et al. (2024) analyzed the contribution of meteorology and
emissions to O3 in China using a chemical transport model
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(GEOS-Chem) and a tree-based model. Sayeed et al. (2022)
improved analysis of the PM5 5 concentration in the conti-
nental United States using the random forest approach cou-
pled with meteorology and aerosol species of the Modern-
Era Retrospective analysis for Research and Applications,
Version 2 (MERRA-2).

Some studies have estimated PM; 5 concentrations in In-
dia using different methods. Chowdhury et al. (2019) used
the PM» s—AOD equation method to estimate PMj 5 concen-
trations in Delhi; however, AOD satellite data suffer from
significant non-random misses, especially during cloud cover
and on hazy, polluted days, so it is difficult to derive a full-
spatiotemporal-coverage PM dataset (Wang et al., 2023b; Bai
et al., 2022). Bali et al. (2021) and Dey et al. (2020) es-
timated total PM» 5 in India through empirical coefficients
and the MERRA-2 dataset, but these coefficients vary with
geographic location and pollution scenarios, which makes
the related estimation potentially unreliable. Kumar et al.
(2023) analyzed PM 5 for India using a random forest model
and showed a gap between train and test scores with a risk
of overfitting. In addition, global-scale daily PM, s con-
centration datasets (including India) have recently been de-
veloped, including GlobalHighAirPollutants (GHAP) (Wei
et al., 2023) and the Long-term Gap-free High-resolution
Air Pollutants concentration dataset version 2 (LGHAPv2)
(Bai et al., 2024). Global monthly PM> 5 datasets have also
been developed before (Van Donkelaar et al., 2021). These
datasets were trained on a global scale and estimated PM3 5
concentrations for the India region. The severity of PMj 5
pollution in India is much higher than in Europe and the
United States (Wei et al., 2023). However, due to the small
number of observations recorded, the global model can gain
only limited knowledge of PM; s pollution in India during
the training process. Therefore, the reliability and robust-
ness of global model estimates of PM; 5 concentrations in
India should be systematically assessed. Building a model
locally in India can provide a useful comparison, which can
also complement the biases in global modeling (e.g., due
to focusing more on lightly polluted regions such as Eu-
rope and the United States). However, it is challenging to es-
tablish long-term, full-coverage, high-accuracy, open-source
PM data products locally in India due to insufficient obser-
vational data and lack of model robustness because of varia-
tions in data distribution across regions and years (Kumar et
al., 2023; Dey et al., 2020).

To improve performance, previous models have usually
had high complexity, such as numerous trees and leaf nodes
(Zhang et al., 2021; Huang et al., 2021). This practice in-
creases the computational resource requirement and is prone
to overfitting, leading to a large gap between the perfor-
mance of the training and testing data (Zhang et al., 2021;
Jabbar and Khan, 2015; Ying, 2019). Therefore, it is nec-
essary to minimize model complexity to avoid overfitting.
The Light Gradient-Boosting Machine (LightGBM) is an op-
timized gradient boosting decision tree (GBDT) (Ke et al.,
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2017), and it has shown superior performance in many fields
(Wei et al., 2021b; Yan et al., 2021; Sun et al., 2020; Liang
et al., 2020). LightGBM uses a histogram-based decision
tree algorithm along with gradient-based one-side sampling
(GOSS), which can save memory and computation time (Ke
et al.,, 2017). Our previous study comparing several com-
monly used machine learning models found that LightGBM
has similar performance to the eXtreme Gradient Boosting
(XGBoost) with the highest accuracy, but LightGBM was
faster and more robust, with the potential to estimate long-
term concentrations of PM in India (Wang et al., 2023c).

In this work, a simple structured, efficient, and robust
model based on LightGBM was developed to estimate PM
concentration. Three cross-validation methods and separate
test datasets were designed to evaluate model performance.
Long-term (1980-2022) and open-source datasets with a spa-
tial resolution of 10 km of PM, 5 and PM ¢ in India were then
generated, and the mortalities due to PMj 5-induced diseases
were also estimated. The concentration datasets could help
with pollution formation analysis, assessment of PM health
risks, and air quality management in India.

2 Materials and methods

2.1 Data sources

Table 1 shows the multisource datasets used in this study.
Ground observations of PM» 5 and PM1g during 2018-2022
in India were collected from the CPCB air quality monitoring
network (https://www.cpcb.nic.in, last access: 29 July 2024).
The location of monitoring sites is shown in Fig. S1 in the
Supplement. As extreme values affect model robustness, the
bottom and top 0.01 % of observation data were excluded.
The fifth-generation ECMWF atmospheric reanalysis dataset
ERAS5-Land covering 1980-2022 was used. Features were
selected by their relative importance, which was calculated
by their gain, and several meteorological factors with high
relative importance were included (Table 1). Data products
of the Modern-Era Retrospective analysis for Research and
Applications, Version 2 (MERRA-2), covering 1980-2022
were also collected, with data including aerosol optical depth
and aerosol components and precursors (black carbon, or-
ganic carbon, sulfate, dust, and SO»).

2.2 Model building

In this study, LightGBM (Ke et al., 2017), an efficient gra-
dient boosting decision tree (GBDT), was used to estimate
PM; 5 and PM ¢, which has been proven to be accurate, fast,
and robust in our previous studies (Wang et al., 2023c, d).
A grid search cross-validation (CV) method was used to se-
lect the optimal hyperparameters. An algorithm for hyperpa-
rameter selection (Algorithm S1 in the Supplement) was de-
signed to ensure the model’s generalization ability. Looping
is performed to increase the model complexity (e.g., num-
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ber of trees), followed by ending the loop and returning the
hyperparameters when the model-predicted RMSE does not
decrease significantly (< 0.01) or the difference between the
training and predicted RMSE does not increase significantly
(< 0.05). Features were selected based on their relative im-
portance. Ten meteorological features, six emission-related
features, and total aerosol extinction were used to train Light-
GBM and estimate PM concentrations (Fig. 1). The meteo-
rological and emission features contributed 64 % and 31 % to
the PM> 5 prediction.

Meteorology is more important than emissions. Compared
to MERRA-2, which has higher uncertainty and lower spatial
resolution, ERAS has higher resolution and accuracy, and its
meteorological features can provide richer information and
contribute more in model training and thus have higher im-
portance (Mufioz-Sabater et al., 2021; Hersbach et al., 2020).
Besides, more meteorological features were used to train
the model, thus contributing more to prediction results. The
highest importance of surface pressure can be attributed to
the important effect on PM3 5 concentration and its high data
quality (Chen et al., 2020; Bauer et al., 2015).

Three independent CV methods and three metrics (coeffi-
cient of determination: R%; root mean square error: RMSE;
mean absolute error: MAE) were designed to evaluate the
model’s spatiotemporal predictive power. The first is out-of-
sample CV, where the dataset is randomly divided into 10
subsets, 1 of which is taken in turn for testing and the re-
maining 9 of which are used for training; this is repeated 10
times and averaged. The second is out-of-site CV, which is
similar to the out-of-sample CV, but the dataset is randomly
divided by site. This method can measure the model’s spatial
predictive power. The third method is interannual out-of-year
CV, which sequentially takes 1 year of data for testing and
the rest for training. This approach can measure the model’s
predictive power for the years with no observations. Besides,
observations in January—June 2023 were used as a separate
test set, and these data were not involved in any of the train-
ing and hyperparameter selection processes.

2.3 Mortality estimation

According to the database of the Global Burden of Disease
(GBD) study in 2019 (Murray et al., 2020; Vos et al., 2020),
annual average concentrations were used to assess long-term
exposure to PM» s, and premature deaths were assessed using
the following equation:

v, j = % X Py,,' X Iy,j, (l)
AR

where M, ; represents the mortality attributable to cause

J due to long-term PM; 5 exposure in year y in region i,

RR(C, ;) represents the relative risk of cause j for year y in

region i, Py ; represents the population j in year y in region

i, and I, represents the baseline mortality in year y.
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Table 1. Summary of the ERAS5, MERRA-2, and ground observation data used in this study.

Type Variable Description Spatial resolution ~ Temporal resolution
ERA5 SSRD Surface solar radiation 0.1°x 0.1° Hourly
BLH Boundary layer height 0.25° x 0.25° Hourly
EVAP Evaporation 0.1°x0.1° Hourly
TEMP2 2 m air temperature 0.1°x 0.1° Hourly
DEWP2 2 m dew point temperature 0.1°x0.1° Hourly
SP Surface pressure 0.1°x0.1° Hourly
TPREC Total precipitation 0.1° x 0.1° Hourly
TCLOUD Total cloud cover 0.25° x 0.25° Hourly
UWINDI10 10m u component of wind 0.1°x0.1° Hourly
VWIND10 10 m v component of wind 0.1° x 0.1° Hourly
MERRA-2 BCSMASS Black carbon surface mass concentration 0.5° x 0.625° Hourly
OCSMASS Organic carbon surface mass concentration  0.5° x 0.625° Hourly
DUSMASS25  Dust PM, 5 surface mass concentration 0.5° x 0.625° Hourly
DUSMASS Dust surface mass concentration 0.5° x 0.625° Hourly
SO2SMASS Sulfur dioxide surface mass concentration ~ 0.5° x 0.625° Hourly
SO4SMASS Sulfate surface mass concentration 0.5° x 0.625° Hourly
TOTEXTTAU  Total aerosol extinction [550 nm] 0.5° x 0.625° Hourly
Observation PMj 5, PMjg  Particulate matter Point Hourly
20% 1.00
18% | ®importance ¢ correlation (a) PM 5 {080 o
8 16% |\ o o o o e . . MR {060 3
§ 1% (1 o ¢ ERAS5: 64% | o040 §
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2% | 1 | 1 1 -0.80
0% L1 L1 ! -1.00
20% 1.00
18% | ®importance ¢ correlation ()PMyy | 950 o
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Figure 1. Relative importance and correlation coefficient for the PM, 5 and PM( estimate models. A description of the features is given in

Table 1.

PM, s exposure-related deaths due to ischemic heart
disease (CVD_IHD), chronic stroke (CVD_stroke), ob-
structive pulmonary disease (RESP_COPD), lung cancer
(NEO_LUNG), lower respiratory infections (LRI), and
type 2 diabetes mellitus (T2_DM) were estimated. The grid-
ded population data were obtained from WorldPop datasets
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(https://www.worldpop.org, last access: 29 July 2024). The
relative risk is a discrete value obtained from GBD 2019 and
is the relative risk corresponding to each PMj; 5 concentra-
tion level. Details about the calculation of relative risk can be
found in GBD 2019 (Murray et al., 2020). Annual baseline
mortality (2000-2019) and the risk of cause-specific deaths
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Table 2. Summary of the LongPMInd dataset.

Data description LongPMInd dataset
Data type Gridded

File format NetCDF

Species PM; 5, PMyg
Spatial reference WGS 84

Horizontal resolution
Horizontal coverage
Temporal resolution
Temporal coverage

0.1° x 0.1° (~ 10km x 10km)

India ([5.0° N, 40.0° N], [60° E, 100° E])
Daily, monthly, and yearly

1980-2022

at different PM 5 levels were obtained from GBD 2019. The
minimum-risk exposure level for the health effects of PM; 5
is in the range of 2.4 to 5.9 uygm 3.

3 Data availability

The LongPMlInd dataset, including daily PM> s and PMq
concentration (10km) for India during 1980-2022, is pub-
licly accessible. All data are provided in NetCDF format
and can be downloaded at https://doi.org/10.5281/zenodo.
10073944 (Wang et al., 2023a).

4 Results

4.1 Long-term India PM» 5 dataset

Applying the trained LightGBM model to the large in-
put dataset constructed for the years 1980-2022, the long-
term high-quality daily PMj 5 and PMjo products of In-
dia (LongPMInd) are reconstructed. Table 2 summarizes
basic information about the dataset; the data are provided
in NetCDF format with a spatial resolution of 10 km. The
LongPMInd dataset, to the best of our knowledge, is the
first open-source, long-term (i.e., 1980-2022), and relatively
high accuracy dataset covering the whole of India. The daily,
monthly, and yearly PM» 5 and PM|( datasets are publicly
available at https://doi.org/10.5281/zenodo.10073944 (Wang
et al., 2023a).

4.2 Model performance

Table 3 shows the training and testing results of out-of-
sample CV, out-of-site CV, and out-of-year CV for daily
PM>s and PMjg. Overall, the model shows good accu-
racy, with out-of-sample CV R? values of 0.77 and 0.76
and RMSE of 29.57 and 51.63 ugm™ for daily PM> 5 and
PMjo. Monthly predictions show better performance, with
out-of-sample CV R? values of 0.87 and 0.86 and RMSE of
17.65 and 31.26 uygm™3 for monthly PM, 5 and PM1(. More
importantly, out-of-sample CV results of training and test-
ing showed small accuracy gaps with RMSE and MAE of
1.06 (4 %) and 0.51 (3 %) g m~3 for PM; 5 and 1.52 (3 %)
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and 0.9 (3 %) ugm™3 for PM, reflecting good generaliza-
tion ability. Out-of-site CV measures the model’s predictive
ability for unobserved areas. The spatially validated R* and
RMSE for PMj; 5 and PM g were 0.70 and 0.65 and 31.73 and
51.37 ugm™3, respectively, indicating the model’s ability to
fill the unobserved areas accurately. The small performance
gap between out-of-site CV training and testing also reflects
good spatial generalization ability. Observations before 2018
are limited due to the number and quality of sites. Out-of-
year CV was used to evaluate LightGBM prediction perfor-
mance, which was conducted by sequentially taking 1 year
of data for testing and the rest for training. The model’s
prediction accuracy for unobserved years decreases slightly
compared to out-of-sample CV (R? decreases by 14 %, and
RMSE increases by 20 %) due to differences in data distri-
butions among years (Fig. S2). Notably, most predictions are
consistent with observations, with most data samples evenly
distributed around the 1:1 line (Fig. S3) but with under-
estimation for high PM levels and overestimation for low
PM levels (slopes of 0.75 and 0.74 and intercepts of 16.45
and 35.79 uygm—3 for daily PM,s and PMjq predictions).
Monthly predictions show better agreement with observa-
tions, with slopes of 0.84 and 0.82 and intercepts of 10.26
and 23.53 ugm™—3 for monthly PM» s and PMo. The under-
estimation and overestimation indicate the potential unrelia-
bility of model predictions for extreme pollution and extreme
clean days. This can be attributed to the small proportion of
data records for extreme pollution and clean days.

Observations from January to June 2023 were used for
testing and were not involved in any training or hyperparam-
eter selection processes (Fig. S4 and Table S1 in the Supple-
ment). Six representative regions were selected for the anal-
ysis including Delhi and Uttar Pradesh (the Indo-Gangetic
Plain — IGP - region), Gujarat (western India region), Mad-
hya Pradesh (central India region), West Bengal (eastern In-
dia region), and Andhra Pradesh (southern India region). The
model shows accurate prediction ability with RMSE of 33.58
and 64.25 pgm_3 for PM» 5 and PMj, respectively, in In-
dia. The model can capture the decreasing trend in PM con-
centration from January to June in different regions of India
but with some biases, e.g., overestimation of PMj 5 in Uttar
Pradesh on 8 January and underestimation of haze pollution
in Gujarat on 19 February. The large RMSE of PMj 5 pre-
diction in Uttar Pradesh (32.72 ugm™) could be attributed
to the complexity of pollution causes in the region as well as
insufficient observation data. The small RMSE (8.34 ugm™2)
of PM» 5 prediction in Andhra Pradesh can be related to the
light haze pollution and small fluctuation in PM» 5 concen-
tration.

4.3 Spatial and temporal trends

First, spatial patterns of PM>s and PMjy are analyzed
(Figs. S5 and S6). The Indo-Gangetic Plain (IGP) and west-
ern arid regions show high levels of PM, 5 and PMg, es-
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Table 3. Training and testing results of out-of-sample CV, out-of-site CV, and out-of-year CV for daily PM, 5 and PM;q (2018-2022).

RMSE and MAE unit: pgm 3.

S. Wang et al.: Long-term (1980-2022) particulate matter concentrations in India (LongPMInd)

Species  Type R? ‘ RMSE (pgm_3) ‘ MAE (pgm_3)
Test  Train ‘ Test Train ‘ Test Train

PMj; 5 out-of-sample  0.77  0.79 | 29.57 28.51 | 18.76  18.25
out-of-site 0.70  0.79 | 31.73 2790 | 2032 17.78
out-of-year 0.66  0.79 | 35.35 27.61 | 21.54 17.61

PMg out-of-sample  0.76  0.77 | 51.63 50.11 | 3542 3452
out-of-site 0.65 0.77 | 57.37 4942 | 3992 3394
out-of-year 0.66  0.78 | 60.65 49.06 | 40.74  33.72

pecially for years after 2000. Low PM concentrations were
observed in southern India. The high terrain in the north-
ern and southern IGP is unfavorable for pollutant dispersion.
Intense human activities in the IGP (population > 700 mil-
lion) emit large quantities of primary PM and gas pollutants
(SO3 and nitrogen oxide), and this, coupled with unfavorable
dispersion conditions, leads to severe PM pollution (Dey et
al., 2020; Maheshwarkar et al., 2022). Both PM, 5 and PM g
concentrations show a north-to-south (high-to-low) distribu-
tion, consistent with the population distribution and corre-
sponding anthropogenic emissions (Upadhyay et al., 2020;
Dey et al., 2020).

Figure 2 shows the spatial patterns of seasonal PM» 5 and
PM ;o anomalies. The highest PM levels occurred in winter,
especially in the IGP (positive anomaly > 20 ugm ™~ relative
to the annual mean during 1980-2022). This enhancement
is related to additional anthropogenic emissions (from space
and water heating of households especially in cold places like
the IGP) and stable meteorological conditions (low boundary
layer height and low wind speed) (Pandey et al., 2014; Ti-
wari et al., 2013). During the pre-monsoon season (March—
April-May), favorable meteorological conditions (increased
boundary layer height due to increased temperature and wind
speeds) reduce PMj 5 concentrations in the IGP area (Dey et
al., 2020). During the monsoon season (June to September),
rainfall enhances PM deposition, resulting in a substantial
reduction in PM concentrations. With the end of the mon-
soon (post-monsoon season, October and November), less
rainfall, lower temperatures, extensive open biomass burning
(for heating), and reduced boundary layer heights exacerbate
PM pollution (Nagpure et al., 2015; Kumari et al., 2021).

The long-term trends of aerosols in India can be bet-
ter examined given the advantage of long temporal cov-
erage of the LongPMInd dataset. The monthly PM; 5 and
PM;j( anomalies from 1980 to 2022 in India and typical
regions were first calculated (Figs. 3 and S7). PM concen-
trations slowly increased in India (0.19 uygm™3 yr~!) before
2000; in the IGP and eastern India, they increased by 0.43
and 0.26 ugm =3 yr~!, respectively. The PM concentrations
jumped in 2000, which can be attributed to the absence of
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satellite data for MERRA-2 before 2000 (Buchard et al.,
2017). The MERRA-2 dataset before 2000 could not provide
the same level of data quality as in the later period, further
leading to a systematic bias in the model estimates. With ac-
celerated industrialization, anthropogenic emissions of pri-
mary particulate matter (PPM) and precursors of secondary
aerosols (e.g., SO», NO, and NH3) have increased since 2000
(Pandey et al., 2014; Nagpure et al., 2015), leading to signif-
icant increases in PM concentrations in most regions (p <
0.05), except for western India (Figs. 4 and S8). PM» s in-
creased by 0.50 and 0.46 uygm 3 yr~! in the IGP and eastern
India during 2000-2017. In early 2018, the Indian govern-
ment launched the National Clean Air Programme (NCAP).
The interventions were grouped into transport, industry,
waste management, domestic, and construction activities as
well as road dust and others (Ganguly et al., 2020). Emis-
sions declined rapidly, and PMj; 5 concentrations declined
significantly in the IGP (1.63ugm™3yr~!), western India
(1.22ugm=3yr~!), and southern India (0.52ugm™3yr~1).
However, PM concentrations in east-central India showed
an increasing trend (Fig. 4), which may be related to emis-
sions from mining activities and related industries and ther-
mal power plants (Upadhyay et al., 2020).

4.4 Health burden analysis

The health burden of PMjs was estimated from 2000-
2019 following the rapid increase in PMys concentra-
tions after 2000. Using GBD 2019, premature deaths at-
tributed to PMj 5 exposure were calculated for six dis-
eases, comprising ischemic heart disease (CVD_IHD),
chronic stroke (CVD_stroke), obstructive pulmonary disease
(RESP_COPD), lung cancer (NEO_LUNG), lower respira-
tory infections (LRI), and diabetes mellitus type 2 (T2_DM)
(Murray et al., 2020; Vos et al., 2020).

Figure 5 shows the changes in annual average PMj s
concentrations and corresponding attributed deaths, and Ta-
ble S2 shows the related uncertainties. PM, s concentra-
tions showed a fluctuating upward trend with a continu-
ous increase in attributable premature mortality, from 0.73
(95 % confidence interval (CI) [0.65, 0.80]) million prema-
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Figure 2. Spatial patterns of seasonal PM; 5 and PM( anomalies (the difference between the seasonal mean and annual mean) in India
during 1980-2022.
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Figure 3. Time series of the monthly PM; 5 anomaly from 1980 to 2022 in India (overall and regionally). The colored straight lines are the
linear regression trend (ug m~3 yr_l) for different periods in China, and * represent the significance of the trends (* mean p < 0.05 and **
mean p < 0.01).
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Figure 4. Spatial patterns of annual changes for PM5 5 and PMjq (pgm_3 yr_l) during different periods (1980-1999, 2000-2017, and
2018-2022). Publisher’s remark: please note that the above figure contains disputed territories.

ture deaths in 2000 to 1.22 (95% CI [1.03, 1.41]) mil-
lion in 2019, with CVD_IHD, CVD_stroke, RESP_COPD,
NEO_LUNG, LRI, and T2_DM causing an annual average
of 0.35 million, 0.21 million, 0.21 million, 0.02 million,
0.12 million, and 0.04 million premature deaths, respectively.
PM, s-attributable deaths were counted by region (Fig. 5).
The IGP had the highest attributable premature deaths, in-
creasing from 0.36 million in 2000 to 0.60 million in 2019,
due to high population density coupled with severe haze pol-
lution (Dey et al., 2020; Pandey et al., 2021).

To reduce premature deaths from PM» s exposure, poli-
cies to mitigate PMj 5 pollution should be implemented. In
addition, appropriate health advice and enhanced medical fa-
cilities to reduce baseline mortality are also important to re-
duce the health burden (Maji et al., 2023). India has experi-
enced rapid urbanization and large-scale population migra-
tion, which introduces uncertainty into health risk estimates
for PM5 5 (Shi et al., 2020). Country-level baseline disease
rates were used, so regional differences were not accounted
for due to lack of data, which could introduce some error. In
addition, uncertainties in relative risk, population, and PM; 5
concentrations may also introduce errors into health risk es-
timates.

4.5 Model complexity

Model complexity can be measured by the number of pa-
rameters the model has. As model complexity increases, the
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Figure 5. Annual mortalities due to PMj s-induced diseases
in India during 2000-2019, including ischemic heart disease
(CVD_IHD), chronic stroke (CVD_stroke), obstructive pulmonary
disease (RESP_COPD), lung cancer (NEO_LUNG), lower respira-
tory infections (LRI), and diabetes mellitus type 2 (T2_DM). Pan-
els (b) and (c) show statistical results for causes and regions.
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Figure 6. Three CV results of the model complexity test for PM, 5 estimation. The n_estimators is the number of trees, representing the
complexity of LightGBM. A is the difference between the metrics with n_estimators = 1000 and n_estimators = 100. Units of RMSE and

MAE are pg m~3.

model is more capable of learning complex patterns in the
data, but at the same time, it may lead to overfitting and inac-
curate predictions of new and unseen data (Hu et al., 2021).
The impact of the complexity of the tree-based LightGBM
model on the performance of training and testing is ana-
lyzed (Fig. 6). The number of trees (n_estimators) was used
as a complexity proxy, and the other hyperparameters were
kept constant. All three cross-validation results show that the
increase in model complexity improves the model’s fitting
ability, increasing R? and decreasing RMSE. However, the
increase in complexity did not improve the model’s predic-
tive performance. With n_estimators increasing from 100 to
1000, there was no significant change in R? for the out-of-
site and out-of-year CV (—0.01 to 0.01), and the RMSE for
the out-of-year CV on the contrary increased by 0.53. Out-of-
sample CV showed an improvement in R but with a limited
reduction in RMSE (—2.45). Therefore, using only out-of-
sample CV to select hyperparameters and evaluate the model
is limiting, and out-of-site and out-of-year CV allows a more
objective evaluation of the model’s generalization ability.

4.6 Uncertainties

Uncertainty in this study comes from two main sources: the
machine learning model and the dataset used. Firstly, ma-
chine learning is essentially based on probability theory and
is influenced by the distribution pattern of the target variable
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(PM3 5 and PM1g) (Yang et al., 2021; Breiman, 2001). Due to
the low frequency of extreme pollution scenarios, the model
suffers from the problem of smoothing predictions, i.e., un-
derestimating high-pollution scenarios (Wei et al., 2021a; Yu
et al., 2023; Geng et al., 2021). In addition, machine learning
has limitations in describing atmospheric physical and chem-
ical processes, and it is difficult to fit complex, logistically
long processes, such as secondary aerosol generation (Stirn-
berg et al., 2021; Li et al., 2023). Attempts have been made to
incorporate physical constraints into neural networks to im-
prove interpretability, but this approach is limited to spatially
continuous two-dimensional data (Geiss et al., 2022). Other
studies have shown that chemical reaction processes can be
described by neural networks, but it is still a challenge to ef-
ficiently couple them with CTMs (Huang et al., 2022; Huang
and Seinfeld, 2022).

The second aspect is the uncertainties caused by the
datasets. First, the label (observations) and corresponding
features (MERRA-2 and ERAS) have a long-tailed distri-
bution with few high-pollution records, so there is an is-
sue of imbalance regression (Yang et al., 2021). The model
was trained with a bias towards denser observations, leading
to the underestimation of high-pollution scenarios. For the
problem of imbalanced regression, there are currently mainly
data-based solutions and model-based solutions (J. Ren et al.,
2022). Data-based solutions require acquiring more data or
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changing the data distribution by resampling. Model-based
solutions increase the weighting of fewer samples (high-
pollution scenarios) by modifying the loss function. Both
methods can improve the accuracy of fewer samples, but
they are not suitable for the task of this study because the
distribution of the data was altered. Therefore, more obser-
vations should be collected in the future to increase obser-
vations recorded for high-pollution scenarios and mitigate
the problem of imbalanced regression. In addition, obser-
vational data can only be collected for recent years (2018-
2022), which may lead to uncertainties when inferring PM
concentrations for historical years. In out-of-year validation,
the gap between training and testing is mainly attributed to
the difference in the data distribution among years (data drift,
Fig. S2). Besides, changes in climate and human activities
over the decades may affect the relationship among emis-
sions, meteorology, and PM concentrations, resulting in extra
uncertainty (concept drift).

Secondly, the uncertainty in the input feature sets (ERAS
and MERRA-2) also affects the estimation results. The un-
certainty in ERAS, a widely used meteorological reanalysis
dataset, has been systematically analyzed. ERAS has good
accuracy for most meteorological factors, exceeding other re-
analysis data (Mufoz-Sabater et al., 2021; Hersbach et al.,
2020). With MODIS data as a reference, the global mean
surface temperature of ERAS5-Land shows lower uncertainty
(Muiioz-Sabater et al., 2021). For precipitation, ERAS shows
77 % correlation with monthly mean Global Precipitation
Climatology Project (GPCP) data (Hersbach et al., 2020).
Compared to the pre-assimilation data, ERA5-Land provides
an improved fit to tropospheric winds and humidity (Hers-
bach et al., 2020).

MERRA-2 is a global air pollution reanalysis dataset, pub-
lished and maintained by NASA; it has been widely used for
PM pollution studies in the Indian region, and its reliability
has been extensively analyzed (Gueymard and Yang, 2020;
Navinya et al., 2020; Buchard et al., 2017). For MERRA-
2 AOD, evaluation using AERONET observations showed
that MERRA-2 outperformed the Copernicus Atmosphere
Monitoring Service (CAMS) in most regions (Gueymard and
Yang, 2020). Kumar et al. (2023) predicted ground-level
PM,, 5 concentrations in India using only MERRA-2 and ma-
chine learning methods, proving the reliability of MERRA-2
data.

In addition, before 2000, there were no assimilated satel-
lite data for MERRA-2, and nitrate was not provided in
the MERRA-2 aerosol reanalysis datasets (Buchard et al.,
2017). These issues may be detrimental to the accuracy of
the LongPMInd dataset. Previous studies in India have shown
that PM; 5 estimates based on MERRA-2 and empirical for-
mulas suffer from inaccuracies due to issues such as the ab-
sence of nitrate, which can be improved by tree-based mod-
eling (Sayeed et al., 2022). The model trained in this study
relies heavily on ERA5 (64 % relative contribution) with a
minor contribution from MERRA-2 (36 %). Although tree-
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based models can improve PM» 5 estimation accuracy and
the inclusion of ERAS meteorological features reduces the
model’s dependence on MERRA-2, model accuracy may de-
crease for areas dominated by nitrate emissions and for years
before 2000.

Supplement. This file contains the research domain, feature im-
portance, spatial and temporal patterns of PM» 5 and PM|(, and
uncertainty in estimated annual mortalities. The supplement related
to this article is available online at: https://doi.org/10.5194/essd-16-
3565-2024-supplement.
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FOR THE PEER REVIEWER

How this record was made

Everything a statistician or an atmospheric scientist needs to judge this report, on one
page: the two sources, the join, the de-weathering, the tests and what they cannot cover.

The two sources

Years 1980 to 2022 come from LongPMInd, a
published daily PM2.5 reconstruction for India
on a ten-kilometre grid, built with gradient-
boosted trees on CPCB ground measurements,
satellite aerosol optical depth, MERRA-2
composition and ERA5 weather. Its reported
skill on whole years withheld from training is
about R2 0.66, BUT that test runs only inside
2018 to 2022, which are the only years it was
trained on, so it measures interpolating one year
from its four neighbours and says nothing about
1985. Years 2023 to July 2026 come from
Delhi's own CPCB and DPCC continuous
monitors.

The city day

A station-day is retained with at least sixteen
valid hours and a value between 0 and 1000
micrograms. The city day is the unweighted
mean of qualifying station-days, and a month is
reported only with at least twenty valid city-
days.

The join
Four mappings were fitted on 2018 to 2020 and

scored on 2021 to 2022, out of time. The winner
was re-fitted on the full 2018 to 2022 overlap.

L, =5.805+0.8615- 0,

O is the monitor city monthly mean, L the same
month on the reconstruction's scale; n = 60
months, r = 0.996

Held-out error 4.73 micrograms against 13.42
for the uncorrected series. Anchoring on 2019 to
2020 and carrying to 2022 drifts +2.5 per cent,
which is the band that belongs on the extension.

The de-weathering

Monthly meteorological normalisation. Each
variable is expressed as an anomaly from its own
calendar-month mean over the whole record, the
PM anomaly is regressed on the weather
anomalies, and the weather-explained part is
subtracted, so the trend, the level and the
seasonal cycle survive.

dw _ vl
Pt - Pt XtB
X are anomalies of wind speed, the two wind
components, mixing height, temperature,
humidity, rainfall and surface pressure; R2 =
0.125

The tests

Trends are ordinary least squares on annual
Every trend this report rests an
argument on is printed with a 95 per cent
interval as well as a p-value, because a p-value
says only whether zero can be excluded while an
interval says how large the change might be. The

means.

start-year bars in Figure 4 and the within-era
column of the table on page 4 are sensitivity
displays rather than claims, and carry p-values
only. Where a series runs fifteen years or more
and its residuals carry lag-one correlation above
0.2, the that
autocorrelation on the Weatherhead adjustment.

interval is widened for

The standard error is multiplied by the
square root of (1 plus @) over (1 less @),
and the degrees of freedom become n(1
less @)/(1 plus @), less two.

@ 1s the lag-one residual correlation. Both
conditions must hold, because on fewer than
fifteen points o is itself noise.

Newey-West standard errors are NOT used on
these annual series. On five and eight point
windows they do not widen the interval, they
narrow it until zero falls outside, which would
manufacture a significant improvement out of
noise. The recent trend is additionally reported
from every start year between 2008 and 2018,
because a single start year is a choice and this
record's peak falls at 2018.

What these intervals do not cover

They price sampling and fitting error alone.
They do not price the reconstruction's own
model error in the years before the monitors, the
change of measurement basis at the join,
monitor siting, or the difference between an area
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average and a network of addresses. The record's
direction is robust to all four; a level quoted to
better than a few micrograms is not.

Sources: read 11 August 2026. LongPMiInd (Wang et al., ESSD 2024) for 1980 to 2022; CPCB and DPCC
continuous monitors via CREA for 2023 to July 2026; ERA5 and MERRA-2 reanalyses. Series files, the splice
statistics, the repair log and every script are open to a reviewer on request. Analysis in-house for the Office of

Ajay Maken, MP.
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