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Abstract
Extreme post-monsoon PM₂.₅ episodes across the Indo-Gangetic Plain are often underestimated
because fire-emission uncertainties coincide with sparse reference-grade monitoring in crop-residue-
burning source regions. We assess whether a low-cost sensor network deployed across source regions
can improve atmospheric composition forecasts during November 2024. Twice-daily PM₂.₅ observations
from 33 CUPI-G sensors across rural source areas and downwind transport pathways were assimilated
into WRF-Chem using 3D-Var. DA-EXP1, using a realistic 10% observation error, reduced mean fractional
bias over Haryana from − 116.7% to − 56.8% and correctly predicted the observed Severe AQI category in
approximately 95% of Delhi cases and 100% of Punjab and Haryana cases; CNTL predicted no Severe
cases at these locations. DA-EXP2, using a 1.5 µg m⁻³ observation error representative of reference-
grade monitoring stations, provided further improvements, highlighting the importance of observation-
error specification. These results demonstrate the operational value of assimilating source-region low-
cost observations into AIRWISE for extreme-pollution forecasting and early warning.

Introduction
Fine particulate matter (PM₂.₅) over the Indo-Gangetic Plain (IGP) reaches its highest levels during the
post-monsoon season, when daily mean concentrations over Delhi-NCR frequently exceed the Indian
National Ambient Air Quality Standard (NAAQS) by an order of magnitude and hourly values can surpass
1000 µg m⁻³ 1,2. Exposure to such extreme pollution poses serious health risks and contributes

significantly to premature mortality in India3,4,5. Accurate short-term (1–3 days) PM₂.₅ forecasts are
therefore essential for supporting air-quality management measures, including the Graded Response
Action Plan (GRAP) implemented by the Commission for Air Quality Management (CAQM)6. Under GRAP,
progressively stringent response measures are required as air quality deteriorates. Reliable forecasts
can provide advanced warning of impending Very Poor and Severe air-quality episodes, allowing
authorities to implement timely measures to reduce public exposure and support coordinated air-quality
management.

The seasonal deterioration of air quality is driven by the coincidence of two factors. First, the harvest of
kharif rice in October–November followed by widespread crop-residue burning (CRB) across Punjab and
Haryana, releasing large quantities of primary PM₂.₅, carbon monoxide and secondary-aerosol
precursors into the boundary layer7,8,9. Accurately quantifying these emissions remains challenging
because fire activity exhibits strong spatial and temporal variability, and recent studies have shown a
shift of burning activity from daytime to evening hours7. Consequently, polar-orbiting satellite-based fire
detection systems may miss a substantial fraction of burning events due to their limited overpass times,
cloud and fog contamination, and reduced visibility during severe haze episodes, leading to large
uncertainties in fire-emission inventories and model simulations8,9,10,11,12. Second, the post-monsoon
transition to persistent north-westerly winds, together with falling temperatures, a shallow planetary
boundary layer (PBL) and near-absent rainfall, favours the accumulation and transport of these
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emissions towards Delhi-NCR13,14,15. When intense emissions coincide with stagnant meteorological
conditions, the entire IGP can be engulfed in a multi-day haze layer with hourly PM₂.₅ concentrations
exceeding 1000 µg m⁻³16.

Despite their operational importance, regional Atmospheric Composition Models (ACMs) such as WRF-
Chem — coupled meteorology–chemistry models of trace-species emission, transport, transformation
and removal systematically underestimate peak haze over this region5,14,17,18,19. The underestimation
stems from uncertainties in fire-emission inventories (burning fraction and fuel load), missing or under-
represented secondary organic aerosol (SOA) formation, biases in boundary-layer dynamics, and coarse
horizontal resolution that smears CRB plume gradients15,19. To counter these errors, operational systems
— including the Air Quality Warning and Integrated Decision Support System for Emissions (AIRWISE),
developed by the Indian Institute of Tropical Meteorology, Pune — assimilate observational constraints
into the model state, most commonly satellite-retrieved aerosol optical depth (AOD) using variational
schemes built on the community Gridpoint Statistical Interpolation (GSI) framework19,20,21,22,23.

The effectiveness of satellite AOD assimilation decreases during extreme pollution characterized by
dense smoke, fog, and low clouds episodes because aerosol retrievals from Moderate Resolution
Imaging Spectroradiometer (MODIS), Visible Infrared Imaging Radiometer Suite (VIIRS), and Ocean
Colour Monitor (OCM) require clear-sky conditions and are often unavailable under such conditions.
During severe post-monsoon events, these limitations lead to missed fire activity, results into
underestimated emissions, and so the PM₂.₅ concentrations in model simulations16,19. Consequently,
satellite-based constraints become least effective when pollution levels are highest. This limitation is
particularly evident during the November 2024 episode, when extensive retrieval gaps were observed
over Punjab and the northwestern IGP, even in the high-resolution OCM observations (Fig. 3).

The November 2024 episode exposed a key limitation of satellite-constrained emission inventories.
Although WRF-Chem simulations suggested that the contribution of crop-residue burning to Delhi-NCR
PM₂.₅ declined from 18% in 2022 and 16% in 2023 to only 9% in 2024, consistent with fewer satellite-
detected fires, observations from the CUPI-G (Compact and Useful PM₂.₅ Instrument with Gas sensors)
network showed persistently high PM₂.₅ levels across rural Punjab11. This mismatch indicates that a
significant fraction of burning activity was likely missed by satellites, particularly during evening hours
and under foggy or cloudy conditions, resulting in underestimated fire emissions and PM₂.₅
concentrations11. They attributed this paradox to a shift in burning from the early afternoon to the
evening, after the Terra MODIS (~ 10:30 IST) and Aqua MODIS and Suomi-NPP/VIIRS (~ 13:30 IST)
overpasses. As a result, inventories based mainly on daytime polar-orbiting fire detections may
substantially underestimate evening emissions. These emissions are then released into a shallow and
stable evening boundary layer, where pollutants accumulate strongly through the night. Thus, the
November 2024 episode highlights two related limitations of satellite-based constraints: missed evening
fire detections and missing clear-sky AOD retrievals during fog and haze. Both limitations point to the
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need for continuous surface-based observations that can directly capture near-surface PM₂.₅ build-up
after satellite overpass and during nighttime hours.

A complementary, and increasingly mature, source of such a constraint is the dense in-situ low-cost
sensor network. Low-cost sensors have driven a paradigm shift in air-quality monitoring, supplementing
sparse reference-grade networks with high-density, real-time observations that resolve pollution
gradients and hotspots which regulatory monitoring stations cannot1,24,25,26,27- this densification is
especially valuable in India, where the reference network is limited to urban centres and unevenly
distributed28. Deployed under the Aakash project (Research Institute for Humanity and Nature), the CUPI-
G pairs a palm-sized optical PM₂.₅ sensor developed by Nagoya University and Panasonic with
electrochemical gas sensors, costs roughly 1/100th of a reference-grade analyser, runs autonomously
on solar power or a rechargeable battery, and reports in near real time31,16,30.Prior work has exploited
this network only indirectly: Kajino et al. (2024)31 used CUPI-G observations to optimize CRB emissions
in NHM-Chem (Non-Hydrostatic Model) for November 2022, inferring a mean surface CRB contribution
of 30%–34% rising to 50%–56% during downwind plume transport from the Punjab source region to
Delhi-NCR, while Singh et al. (2023)16 and Mangaraj et al. (2025)15 characterized the 2022 and 2023
seasons. These studies adjusted emissions offline, but none has assimilated the low-cost network
directly into the model state with the objective of improving air quality forecasts.

In this study, we test the central hypothesis that assimilating widespread low-cost CUPI-G surface PM₂.₅
observations over northwestern India directly into the WRF-Chem state can recover an extreme pollution
episode that the model otherwise fails to capture, particularly when conventional satellite AOD
constraints are unavailable. We focus on the 10–21 November 2024 episode, a peak biomass-burning
period during which surface PM₂.₅ exceeded 1000 µg m⁻³ and the AQI remained in the Severe category
for more than five consecutive days. CUPI-G observations are assimilated twice daily at 00 UTC and 15
UTC. These two cycles are treated as discrete analysis times rather than long averaging windows. The
00 UTC cycle represents the early-morning condition after nocturnal pollutant accumulation under a
shallow boundary layer, whereas the 15 UTC cycle represents the evening/post-overpass period, when
crop-residue burning emissions are likely to be missed by daytime polar-orbiting satellites and pollutants
begin to accumulate within the stable evening boundary layer. We design three experiments: a control
simulation without assimilation and two assimilation experiments that differ only in the prescribed
observation error, to examine how strongly the model state should be constrained by low-cost PM₂.₅
observations. To our knowledge, this is the first demonstration over India of assimilating a dense low-
cost PM₂.₅ sensor network into a regional atmospheric composition model to improve the analysis of an
extreme crop-residue-burning pollution episode across Punjab, Haryana.

Results

The November 2024 episode and the rationale for
assimilating the low-cost sensor network
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The November 2024 post-monsoon period over northwestern India produced an extreme particulate-
pollution episode, which forms the basis of the assimilation experiments in this study. Figure 1 shows
hourly surface PM₂.₅ concentrations from the CUPI-G network during 10–21 November 2024, grouped
into five representative regions: Delhi, Punjab, Haryana, Meerut, and Indian Institute of Technology
Roorkee (IIT- Roorkee). The period coincides with peak crop-residue-burning activity over Punjab and
Haryana, leading to persistently high regional PM₂.₅ levels. Superimposed on this elevated background
are sharp hourly peaks, indicating the passage of intense pollution plumes across the sensor locations.

The maximum hourly PM₂.₅ values, marked by red stars in each panel, reached 1388 µg m⁻³ in Delhi and
1239 µg m⁻³ in Meerut during 17–18 November 1032 µg m⁻³ in Punjab on 12 November, 909 µg m⁻³ in
Haryana on 17 November, and 558 µg m⁻³ at IIT-Roorkee on 13 November. These concentrations were
several times higher than the Severe AQI threshold of 250 µg m⁻³. Importantly, the episode was not
limited to short-lived peaks; PM₂.₅ remained above the Severe threshold for several consecutive days in
Delhi, Haryana, and Meerut. The earlier peak over Punjab, followed by later maxima over Delhi, Haryana,
and Meerut, is consistent with the build-up and downwind transport of pollution from the northwestern
crop-residue-burning source region toward Delhi-NCR. The sustained severe conditions during 16–18
November make this period a critical test case for evaluating whether data assimilation of low cost
CUPI-G observations can improve the model representation of extreme PM₂.₅ episodes.

The spatial structure and transport of PM2.5 during this episode are captured by the model. Figure 2
shows the mean surface PM₂.₅ concentration and 10 m wind field simulated by WRF-Chem during 10–21
November 2024, based on the DA-EXP2 simulation. The low-level flow across the domain is north-
westerly, carrying air from the Punjab and Haryana source regions down to the IGP toward Delhi-NCR and
the areas to the southeast, where the highest mean concentrations (exceeding 150–200 µg m⁻³) are
simulated. The mechanism is straightforward: during the dry post-monsoon period, PM₂.₅ can remain in
the atmosphere for several days, much longer than the time required for winds to transport air masses
across the study domain. The particles therefore behave largely as transported tracers in the
atmosphere. Once emitted by burning in the northwest, they are carried downwind by the prevailing
north-westerly flow rather than being removed or dispersed locally. In plain terms, the wind blows from
the burning fields in Punjab and Haryana toward Delhi, and the smoke travels with it — which is why the
surface concentration is highest along and at the downwind end of that path. This is the same physical
link that explains the sequence of concentration peaks in Fig. 1: the Punjab peak appears first because
that is where the emissions originate, and the Delhi peak follows a few days later as the polluted air
arrives. The persistence of this north-westerly regime over the whole episode is what makes the
pollution regionally coherent rather than confined to any single city.

Figure 2. Mean surface PM₂.₅ concentration (µg m⁻³; shaded) overlaid with 10 m wind vectors, averaged
over 10–21 November 2024, from the DA-EXP2 assimilation experiment over the analysis domain. The
north-westerly low-level flow advects pollution from the Punjab and Haryana CRB source regions toward
Delhi-NCR and the downwind areas to the southeast.
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This episode was difficult to constrain observationally because satellite AOD retrievals, which are
conventionally assimilated to correct the modelled aerosol field, were frequently unavailable over the
affected region. Figure 3 shows the daily OCM AOD distribution during 10–21 November 2024, with
extensive white areas over Punjab, Haryana, and the central Indo-Gangetic Plain indicating missing
retrievals on several days of the episode. These gaps reflect dense fog, haze, and low-cloud conditions
that prevented reliable observations of the aerosol column. Complementary evidence is provided in
Figure S1, which shows the INSAT-3DR (Indian National Satellite System–3DR) fog/low-cloud product
and indicates widespread fog and low cloud over the Punjab–Haryana–Delhi corridor during key days of
the episode.

The same conditions that limit AOD retrievals can also reduce satellite detection of active fires.
Consequently, both the biomass-burning emissions used to drive the model and the satellite AOD
observations used to constrain the aerosol field were degraded during this period11,19. This simultaneous
limitation of emission estimates and satellite aerosol observations restricts the ability of the model to
represent the episode using satellite information alone and motivates the use of continuous surface-
based observations from the CUPI-G network.

Chemical data assimilation has been widely used to improve the initial chemical conditions and short-
range WRF-Chem forecasts over India, including PM₂.₅ prediction during the paddy-residue-burning
season over Delhi20, the operational AIRWISE PM₂.₅ forecasting system based on 3D-Var assimilation21,

assimilation of VIIRS AOD retrievals22, and surface PM₂.₅ observations from CPCB network, mainly
located in Urban centers18. However, these applications rely mainly on satellite AOD observations, which
provide limited constraints during the present episode because of the retrieval gaps described above. In
addition, the CPCB monitoring network, although highly accurate, has no coverage over rural Punjab, the
major crop-residue-burning source region and the upwind part of the transport pathway.

The CUPI-G network addresses this observational gap by providing dense, continuous, in-situ PM₂.₅
measurements across the source region covering rural biomass burning affected areas in Punjab and
Haryana and the downwind transport corridor, independent of cloud cover and satellite overpass timing.
Assimilating these observations can therefore constrain the evolving pollution plume in regions where
satellite AOD and regulatory observations are insufficient. The following sections evaluate the impact of
this assimilation and its sensitivity to the assumed observation error in DA-EXP1 and DA-EXP2.

Effect of assimilation on the simulated PM₂.₅
Figure 4 compares the hourly observed PM₂.₅ (OBS) with the control simulation (CNTL) and the two
assimilation experiments (DA-EXP1 and DA-EXP2) over 10–21 November 2024 for the five regions:
Punjab, Haryana, IIT-Roorkee, Delhi and Meerut. The control simulation captures the broad temporal
evolution of the episode but substantially underestimates PM₂.₅ concentrations across all regions. CNTL
remains relatively low and exhibits limited day-to-day variability, with concentrations generally between
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50 and 150 µg m⁻³. It fails to represent the magnitude of the observed pollution peaks: during the Delhi
and Meerut maxima of 17–18 November, when observed PM₂.₅ approached 1200–1400 µg m⁻³ (Fig. 4d,
e), CNTL remained below 200 µg m⁻³. Similarly, during the Punjab peak on 12 November (Fig. 4a), CNTL
underestimated the observed concentration by nearly an order of magnitude. This persistent low bias is
consistent with the underestimation of biomass-burning emissions in the control simulation, as a
substantial fraction of fire activity was not captured by satellite-based fire products during the episode.

Both assimilation experiments improve the representation of the magnitude and temporal evolution of
the major PM₂.₅ peaks across the five regions. The improvement is most evident during periods when
CNTL shows the largest negative bias, indicating that the assimilation draws the model state closer to
the surface observations due to surface PM2.5 assimilation from CUPI-G network when the satellite-
constrained observations are sparsely available. DA-EXP2 captures the sharp temporal variability more
closely over Delhi, Haryana, and Meerut (panels b, d, and e), with analysed concentrations approaching
the observed peak values, whereas CNTL substantially underestimates the magnitude of these peaks.

The two assimilation experiments exhibit broadly similar temporal variations, although their amplitudes
differ across regions and stages of the episode. DA-EXP2 generally yields higher analysed PM₂.₅
concentrations than DA-EXP1 during periods of elevated pollution, highlighting the positive feedback of
improvement in measurement error of low-cost sensors. The separation between the two experiments is
evident over Punjab during 12–16 November, around 15 November at IIT-Roorkee, and most prominently
over Haryana, Delhi, and Meerut during 15–19 November. This divergence is a direct consequence of the
observation-error prescription adopted in each experiment. DA-EXP2, which applies the fixed regulatory
error of 1.5 µg m⁻³, places substantially greater trust in the CUPI-G observations relative to the model
background and therefore pulls the analysed concentrations more strongly toward the observed values,
recovering the highest peak concentrations of the two experiments. DA-EXP1, which instead assigns an
observation error of approximately 10% of the observed value — reaching nearly 100 µg m⁻³ at peak
pollution levels retains considerably more influence from the deficient model background during the
most polluted hours, resulting in lower recovered concentrations. When observed PM₂.₅ concentrations
were lower, the difference between the prescribed observation errors in DA-EXP1 and DA-EXP2 was
smaller, and the two analyses showed similar PM₂.₅ concentrations. During periods of very high PM₂.₅,
the observation-error specification had a stronger influence on the analysis because the model
background remained far below the observations. Thus, the magnitude of the analysis increment
depended strongly on the prescribed observation error and the resulting relative weighting of the CUPI-G
observations and model background.

To examine where the differences between the two experiments are spatially concentrated, Fig. 5
presents the episode-mean difference in surface PM₂.₅ between DA-EXP2 and DA-EXP1, averaged over
the full simulation period of 10–21 November 2024. The difference field is positive across the entire
domain, confirming that DA-EXP2 systematically recovers higher surface PM₂.₅ than DA-EXP1
throughout the episode, with the largest enhancements concentrated over the Delhi-NCR and its
immediate surroundings. Here, the episode-mean difference exceeds 100 µg m⁻³, coinciding with the
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region of most intense observed pollution during the episode. The maximum enhancement, reaching
approximately 80–100 µg m⁻³, is centred over the Delhi-NCR region near 77°E and 28.5–29°N. Smaller
but distinct positive differences, generally ranging from about 20 to 60 µg m⁻³, are distributed across
Punjab and Haryana along the source-to-receptor transport pathway. This pattern indicates that the
influence of the observation-error specification is strongest in regions affected by the most intense
pollution. DA-EXP2, placing greater trust in the CUPI-G observations, produces substantially larger
corrections to the background state than DA-EXP1 in this region. A secondary maximum is also evident
over the Punjab cluster, consistent with the intense fire-driven pollution peak observed around 12
November, reinforcing that the spatial pattern of inter-experiment differences closely tracks the pollution
episode itself rather than simply reflecting the spatial distribution of the observation network. Overall,
these two experiments with two different error characteristics suggest that improvements in the
measurement errors of low-cost sensors can substantially improve the model predictions closer to
reality and increase the reliability of low-cost sensors in modelling studies.

Statistical evaluation of the assimilation experiments
The spatial and temporal improvements described in above section are further supported quantitatively
by the error statistics presented in Table 1, which reports the root mean square error (RMSE), mean
fractional bias (MFB), normalised mean bias (NMB), and index of agreement (IOA) for CNTL, DA-EXP1,
and DA-EXP2 across all five regions over the simulation period of 10–21 November 2024.

The control simulation shows consistent negative bias across all regions, confirming the
underestimation of surface PM₂.₅ evident in the time-series analysis. MFB ranges from − 68.8% over
Delhi to − 126.2% over Punjab, while NMB ranges from − 59.9% to − 81.8%, indicating that the model
background remains far below the observed PM₂.₅ concentrations throughout the episode. This bias is
especially important over Punjab, where the strongest negative MFB indicates that the model does not
adequately represent the fire-driven pollution loading near the source region. The largest RMSE values
occur over Punjab (417.9 µg m⁻³) and Delhi (390.3 µg m⁻³), showing that errors in the background field
affect both the source region and the downwind urban receptor region. The low IOA values across all
regions (0.40–0.46) further indicate limited agreement between the simulated and observed temporal
variability. Together, these results show that the control simulation provides an insufficient chemical
background for representing the magnitude and regional evolution of this severe PM₂.₅ episode.
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Table 1
Statistical evaluation of the control simulation (CNTL) and the two assimilation

experiments (DA-EXP1 and DA-EXP2) against hourly observed surface PM₂.₅
concentrations over the simulation period 10–21 November 2024.

Experiment Region RMSE (ug m− 3) MFB (%) NMB (%) IOA

CNTL Delhi 390.3 -68.8 -59.90 0.46

  Punjab 417.9 -126.2 -81.8 0.43

  Haryana 336.3 -116.7 -78.2 0.44

  Meerut 329.4 -75.8 -67.2 0.44

  IIT Roorkee 174.9 -111.8 -74.6 0.4

DA-EXP1 Delhi 317.2 -20.2 -32.74 0.48

  Punjab 356 -90.24 -66.19 0.47

  Haryana 251.7 -56.8 -49.81 0.52

  Meerut 313.9 -55.1 -56.75 0.42

  IIT Roorkee 115.26 -46.7 -40.48 0.52

DA-EXP2 Delhi 320.01 -13.86 -19.66 0.56

  Punjab 313.77 -66.09 -53.49 0.5

  Haryana 189.25 -27.72 -29.98 0.64

  Meerut 273.97 -18.71 -33.81 0.45

  IIT Roorkee 115.63 -35.4 -32.71 0.49

Assimilation of CUPI-G observations in DA-EXP1 improves all four-evaluation metrics across the five
regions. RMSE decreases at every location relative to CNTL, with the largest reductions over Haryana,
from 336.3 µg m⁻³ to 251.7 µg m⁻³, and Delhi, from 390.3 µg m⁻³ to 317.2 µg m⁻³. The magnitudes of the
negative MFB and NMB values are reduced by approximately half across most regions, indicating a
reduction in the systematic underestimation of PM₂.₅. These improvements indicate that the
assimilation corrects the aerosol field where the model background is affected by underestimated crop-
residue-burning emissions. IOA also increases across all regions, reaching 0.52 over Haryana and IIT-
Roorkee. However, the smaller IOA improvements over Delhi and Meerut indicate limited agreement with
the observed temporal evolution, as the assimilated simulations remain below the highest observed
PM₂.₅ concentrations during 17–18 November.

Relative to DA-EXP1, DA-EXP2 provides further enhancement across most regions, consistent with the
greater observational weight associated with its smaller prescribed error. Over Haryana, RMSE
decreases from 251.7 to 189.3 µg m⁻³, while MFB changes from − 56.8% to − 27.7%, showing that DA-
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EXP2 reduces both the overall error and the negative bias relative to DA-EXP1. The IOA also increases
from 0.52 to 0.64, indicating closer correspondence with the observed temporal pattern. This is the
highest IOA obtained among all regions and experiments in this study. This is physically interpretable in
the context of the episode: Haryana, represented by 11 observation sites distributed across a region
lying directly downwind of the Punjab fire cluster experienced sustained pollution with a continuous
spatial distribution across the source region maintaining elevated PM₂.₅ concentrations throughout the
episode and providing dense observational coverage. Because DA-EXP2 assigns a smaller observation
error to these measurements, they exert a stronger influence on the analysis than in DA-EXP1. Over
Punjab, where 16 CUPI-G sites provide the densest regional sampling within the network, DA-EXP2 yields
lower RMSE (313.8 µg m⁻³ versus 356.0 µg m⁻³) and a less negative NMB (− 53.5% versus − 66.2%) than
DA-EXP1. However, both experiments retain large negative MFB values (− 90.2% in DA-EXP1 and − 66.1%
in DA-EXP2), indicating continued underestimation during the intense fire-driven peaks of 11–13
November. The remaining model bias after applying data assimilation indicates that, despite the
stronger observational influence in DA-EXP2, the severely underestimated background emissions limit
the ability of the analysis to represent the highest PM₂.₅ concentrations over Punjab.

Over Delhi, represented by three observation sites but recording the most extreme PM₂.₅ concentrations
of the entire episode, DA-EXP2 achieves a notably reduced NMB of − 19.7% compared to − 32.7% in DA-
EXP1, and the IOA improves from 0.48 to 0.56. Over Delhi, RMSE remains high in both assimilation
experiments: it was 317.2 µg m⁻³ in DA-EXP1 and 320.0 µg m⁻³ in DA-EXP2. This is mainly associated
with the sharp PM₂.₅ peaks during 17–18 November, when observed concentrations exceeded 1200 µg
m⁻³ and were not fully captured by either experiment. The exceptional pollution loading over Delhi during
this period is not solely attributable to the fire emissions from Punjab and Haryana but is further
influenced by local emissions within Delhi and the unique meteorological and topographic setting of the
region. Delhi lies at the confluence of the IGP transport corridor and the foothills of the Aravalli range,
and during post-monsoon months the combination of shallow nocturnal boundary layers, weak synoptic
ventilation, and calm near-surface winds suppresses the vertical and horizontal dispersal of pollutants,
promoting the rapid accumulation of both locally emitted and long-range transported aerosols within a
shallow mixing volume32,33,34,35,36,37. These conditions favour the occurrence of extreme pollution
episodes in Delhi when fire-related aerosol transport from the northwest coincides with stagnant
meteorological conditions, as observed during 17–18 November 2024, and they represent a source of
model error that the assimilation alone cannot fully correct in the absence of accurate boundary layer
dynamics. Additionally, the MOZART-GOCART chemistry used in the forecast is a bulk aerosol scheme
and missing the Secondary Organic Aerosol (SOA), Ammonium, Nitrate and Chloride aerosol chemistry.
At Meerut, the single observation site in Uttar Pradesh, DA-EXP2 achieves a substantially reduced MFB
of − 18.7% relative to − 55.1% in DA-EXP1, representing the largest reduction in fractional bias between
the two experiments across any region, consistent with the pronounced spatial difference identified over
the Delhi NCR and its eastern surroundings in Fig. 5. At IIT-Roorkee, situated at the Himalayan foothills in
Uttarakhand at the northern periphery of the IGP pollution corridor, both assimilation experiments
perform comparably with nearly identical RMSE values of approximately 115 µg m⁻³, suggesting that the
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marginal benefit of the tighter observation error in DA-EXP2 is limited at locations where the pollution
loading is more moderate and the model background is less severely deficient.

Overall, the statistical evaluation confirms that the assimilation of CUPI-G observations produces
consistent improvement over the control simulation across all regions and metrics, with the magnitude
of improvement scaling with the intensity of the pollution episode and the density of the observation
network. The persistent negative biases in DA-EXP2 indicate that, although the assimilation corrects
aerosol concentrations at each analysis time, it does not modify the prescribed fire emissions. The
model therefore continues to use underestimated fire emissions between assimilation cycles, which can
cause PM₂.₅ concentrations to again fall below the observations during the subsequent forecast period.
Remaining errors in boundary-layer evolution, regional transport, limitations in forecast chemistry and
other model processes may further contribute to this underestimation during the most severe pollution
conditions.

Assessment of AQI category agreement between Model and Observations.

While the statistical metrics quantify the magnitude of error in the simulated PM₂.₅ concentrations, they
do not directly address the operational utility of the analysis — which, from the perspective of both public
communication and policy intervention, lies in the AQI category analysis. This distinction is particularly
consequential in the context of the November 2024 IGP episode, where the GRAP interventions enforced
by the CAQM are triggered by AQI categories derived from raw PM2.5 concentration 21,6. Following CPCB

AQI methodology, the AQI’s are estimated using the hourly CUPI-G PM2.5 observations and the
corresponding model analysis fields for the purpose of categorical evaluation. AQI category match
percentages (Eq. 2) were then estimated, which provides a useful diagnostic of whether the assimilation
system assigns the observed pollution episode to the correct AQI category at sub-daily timescales. For
example, when observed conditions fall within the Very Poor or Severe AQI categories, a low category-
match percentage indicates that the model assigns these episodes to lower AQI categories. Such
misclassification underestimates the associated air-quality risk and can limit the usefulness of the
system for timely implementation of the corresponding GRAP measures.

Figure 6 presents the AQI category match percentage for all five regions for CNTL, DA-EXP1, and DA-
EXP2. The results reveal a consistent and physically coherent pattern across all regions: the control
simulation fails almost entirely to reproduce the observed AQI categories during the most severe
pollution conditions, both assimilation experiments substantially recover the correct category, and DA-
EXP2 outperforms DA-EXP1 across the higher AQI classes at most locations — a hierarchy that is
directly consistent with the concentration-level improvements in simulated PM₂.₅ and statistical
performance..

The categorical failure of CNTL is most apparent in the Very Poor and Severe categories, which
dominated the observed AQI during the core of the episode. Over Delhi, CNTL achieves a correct
category match of only approximately 20% for Very Poor hours and near zero for Severe hours, which is a
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direct consequence of the systematic PM₂.₅ underestimation that causes the model to place the episode
in lower AQI classes even when observed concentrations exceeded 500–1000 µg m⁻³. Over Punjab and
Haryana, CNTL achieves virtually no correct matches in either category despite these conditions
prevailing for extended periods during 11–13 and 17–19 November, confirming that without assimilation
the analysis system provides no reliable identification of the most hazardous air quality conditions of the
episode.

The assimilation of CUPI-G observations substantially corrects this categorical misclassification across
all regions. Over Delhi, DA-EXP2 achieves correct match rates of approximately 70% for Very Poor
category, compared to 47% in DA-EXP1, demonstrating that the tighter observation-error prescription in
DA-EXP2 improves not only the continuous concentration metrics but also the categorical representation
of the elevated AQI conditions. For the severe AQI category, both DA-EXP1 and DA-EXP2 achieved nearly
90% correct match rates in Delhi. Over Haryana, both experiments achieve near-perfect match rates for
the Severe category, though DA-EXP2 substantially outperforms DA-EXP1 for Very Poor hours with
approximately 58% against 32%, consistent with the stronger statistical improvements over this region.
Over Punjab, DA-EXP2 achieves close to 100% match for the Severe category while DA-EXP1 records
near-zero match rates for Very Poor — a distinction with direct implications for the categorical
identification of the most intense fire-driven pollution peaks. At Meerut, DA-EXP2 achieves approximately
80% match for Severe hours against a considerably lower rate in DA-EXP1, while both experiments show
comparable performance for the Very Poor category, with match rates ranging from 43% to 52%. At IIT-
Roorkee, the observed AQI does not reach the Severe category because of the lower pollution levels at
this peripheral location. Both experiments show similar match rates, approximately 53%–55% for Very
Poor and 30% for Poor, consistent with their similar PM₂.₅ concentrations under conditions below the
most extreme pollution levels.

The AQI category match assessment confirms that the assimilation of CUPI-G observations improves
not only the quantitative accuracy of the analysed PM₂.₅ but also its categorical utility for air quality
management. DA-EXP2 consistently outperforms DA-EXP1 for the Very poor and Severe categories
directly relevant to GRAP activation, demonstrating that the observation-error prescription carries
consequences for categorical analysis skill upon which regulatory decisions depend. These results
highlight the value of integrating low-cost sensor networks such as CUPI-G into operational air quality
analysis systems over the IGP, where the accurate categorical representation of extreme post-monsoon
pollution episodes remains both a scientific challenge and a public health priority.

Discussion
This study demonstrates, for the first time over India, the effectiveness of assimilating PM2.5

concentrations from surface measurements of a dense low-cost PM₂.₅ sensor network into WRF-Chem
for analysing an extreme post-monsoon pollution episode over northwestern India. During 10–21
November 2024, hourly PM₂.₅ concentrations exceeded 1000 µg m⁻³ at several locations across Punjab,
Haryana and Delhi-NCR, while AQI remained in the Severe category for multiple consecutive days. The
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results show that the CUPI-G sensor network provides a valuable surface PM2.5 observation and
becomes a more useful constraint during conditions when conventional satellite-based aerosol
observations are largely unavailable because of dense fog, haze and low cloud. To assess the
effectiveness of CUPI-G data, three sets of data assimilation experiments were conducted including
CNTL (Without CUPI-G data assimilation), DA-EXP1 (CUPI-G data assimilation with 10% error) and DA-
EXP1 (CUPI-G data assimilation with 1.5 µg m− 3 error).

The control simulation substantially underestimated PM₂.₅ concentrations across the region, with mean
fractional biases ranging from − 68.8% over Delhi to − 126.2% over Punjab. Assimilation of CUPI-G
observations significantly improved the representation of both the magnitude and temporal evolution of
the pollution episode. The improvements were largest during the most intense pollution events and over
regions where the control simulation exhibited the greatest underestimation. Among the two
experiments, DA-EXP2 consistently outperformed DA-EXP1, achieving an IOA of 0.64 over Haryana and
reducing the mean fractional bias over Meerut from − 55.1% to − 18.7%. Nevertheless, DA-EXP1, despite
using a realistic 10% low-cost-sensor observation error, substantially improved PM₂.₅ predictions and
provided useful forecasts of high-AQI conditions. This shows that the CUPI-G network can provide a
meaningful observational constraint for operational assimilation under typical low-cost-sensor
uncertainties. The larger corrections obtained in DA-EXP2 indicate that assimilation performance is
highly sensitive to the prescribed observation error and suggest that improved characterization of low-
cost sensor uncertainties could further reduce model biases during extreme pollution episodes.

The AQI category match further strengthens the assessment and provides the most operationally
relevant demonstration of the assimilation benefit. The control simulation fails to identify the Severe and
Very Poor categories at most locations, achieving near-zero correct match rates for the categories that
would trigger GRAP Stage III and Stage IV interventions. DA-EXP2 recovers correct Severe category
match rates of approximately 90% over Delhi and close to 100% over Punjab and Haryana — a
transformation from complete categorical failure to near-perfect categorical identification that carries
direct consequences for the timeliness and effectiveness of GRAP-based regulatory interventions
administered by CAQM. The persistent residual underestimation in both assimilation experiments,
particularly over Punjab and Delhi, reflects the fundamental limitation of the strong-constraint variational
framework: the deficient fire emission inventory cannot be corrected between analysis cycles, and the
model state tends to return toward its underestimated background between successive assimilation
cycles. The remaining negative bias is largest during the highest observed PM₂.₅ events, including the
Punjab peak on 12 November and the Delhi and Meerut peaks on 17–18 November. During these
periods, both DA-EXP1 and DA-EXP2 simulated PM₂.₅ concentrations below the observed values, and
neither experiment exactly matched the observed hourly peak concentrations. Despite these remaining
limitations, both assimilation experiments, including DA-EXP1 with a realistic 10% low-cost-sensor
observation error, improved the identification of observed high-AQI categories, demonstrating their value
for operational early warning even when the highest hourly PM₂.₅ peaks remain underestimated.
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Several important limitations and directions for future work emerge from this study. First, the
observation-error specification for low-cost sensors in the variational framework warrants further
investigation: the optimal prescription lies between the sensor measurement uncertainty adopted in DA-
EXP1 and the tight regulatory error adopted in DA-EXP2, and a physically motivated formulation that
accounts for both measurement uncertainty and representativeness error at the model grid scale would
improve the analysis. Expanding or relocating reference-grade monitoring stations to selected CUPI-G
locations, particularly in biomass-burning source regions, could enable more accurate low-cost-sensor
calibration and improve air-quality forecasts through assimilation, as indicated by the improved
performance of DA-EXP2. Second, the residual underestimation points to the need for direct emission
constraints — either through the assimilation of fire radiative power observations to correct biomass-
burning emission source strengths in real time, or through ensemble-based approaches capable of
dynamically estimating emission uncertainties within the assimilation cycle. Third, extending the
assimilation to twice-daily cycles capturing both the early-morning and evening boundary layer states —
as implemented here — should be retained and further optimised in future operational implementations,
given the importance of the post-overpass evening emission pulse for the nocturnal PM₂.₅ build-up.
Finally, the approach demonstrated here can be incorporated into the operational AIRWISE system. The
results provide a scientific basis for integrating dense low-cost sensor networks such as CUPI-G into the
operational air-quality analysis chain over the IGP, where timely identification of extreme post-monsoon
pollution episodes remains a major scientific, public-health, and regulatory challenge. Government
regulations or policy guidelines should also be established to enable timely access to quality-assured air-
quality measurements collected across India for scientific research and evidence-based policymaking.
Such data access may be governed by appropriate terms and conditions to address data ownership,
institutional requirements, quality control, and responsible use.

Methods

WRF-Chem model configuration and study domain
Atmospheric composition over northwestern India was simulated with the Weather Research and
Forecasting model coupled with Chemistry (WRF-Chem, version 3.9.1), configured to reproduce the
operational set-up of the Air Quality Warning and Integrated Decision Support System for Emissions
(AIRWISE) developed at the Indian Institute of Tropical Meteorology21. The analysis was carried out on a
single domain at 3 km horizontal grid spacing comprising 489 (west–east) × 335 (south–north) grid
cells, centred over the crop-residue-burning belt of Punjab and Haryana and extending downwind across
the Delhi National Capital Region (NCR) and the adjoining IGP. The vertical grid consisted of 60 terrain-
following hybrid levels extending from the surface to [model top, e.g. 50 hPa], with the lowest layers
concentrated near the ground to resolve the shallow nocturnal boundary layer that governs surface
accumulation during haze episodes. The 3 km grid was chosen to resolve the sharp spatial gradients of
CRB plumes, which are smeared at the coarser resolutions typical of operational forecasting15.
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Cloud microphysical processes were represented by the WRF Single-Moment 6-class scheme (WSM638).
Shortwave and longwave radiative transfer was treated with the Rapid Radiative Transfer Model for
general circulation models (RRTMG39), which allows aerosols to influence the radiation field through
feedback. Subgrid convective and shallow-cloud processes were handled by the scale-aware Grell–
Freitas ensemble cumulus scheme40, appropriate for the grey-zone resolution of the 3 km grid. Land-
surface processes were simulated with the unified Noah land-surface model41, and surface-layer
exchange with the Monin–Obukhov (Janjić Eta) scheme42. Vertical subgrid-scale turbulent transport in
the planetary boundary layer and free troposphere was parameterized using the Mellor–Yamada–
Nakanishi–Niino level-2.5 (MYNN2.5) scheme43.

Gas-phase chemistry was represented by the Model for Ozone and Related chemical Tracers (MOZART-
449) coupled to the Goddard Chemistry Aerosol Radiation and Transport (GOCART) aerosol scheme45,46

the MOZCART configuration. GOCART simulates the major aerosol components — sulphate, black
carbon, organic carbon, dust and sea salt — but in its standard form does not simulate nitrate or
secondary organic aerosol (SOA), a recognized source of low bias in modelled wintertime PM₂.₅ over the
region19. Although WRF-Chem provides more complex aerosol modules that resolve nitrate and SOA,
these are computationally prohibitive for operational application; the GOCART omission is therefore
retained in the present configuration and is considered when interpreting the residual model–
observation differences. The full set of physical and chemical parameterizations follows the operational
AIRWISE configuration documented by Jena et al. (2021)47.

Meteorological initial and lateral boundary conditions were supplied by the IITM (Indian Institute of
Tropical Meteorology) Global Forecasting System (IITM-GFS, T1534) spectral model, which assimilates
observations through an ensemble Kalman filter and provides fields at approximately 12.5 km resolution
every three hours48,47. Chemical initial and lateral boundary conditions were obtained from the Whole
Atmosphere Community Climate Model (WACCM)49, which supplies time-varying global distributions of
trace gases and aerosols at the domain edges. This configuration was selected intentionally because it
is used in the established operational AIRWISE forecasting system at IITM. The AIRWISE system has
been evaluated against other regional and global forecasting models and has demonstrated useful
performance for PM₂.₅ forecasting over northern India18.

Emission inputs
Anthropogenic emissions were constructed by merging two inventories. Over the Delhi region the high-
resolution (400 m) emission inventory developed under the System of Air Quality and Weather
Forecasting And Research (SAFAR) project was used (http://safar.tropmet.res.in/source.pdf), while the
remainder of the domain was supplied by the global EDGAR-HTAP v2.2 emissions inventory50. The 2010
EDGAR-HTAP emissions were first scaled to the simulation year using the sector-specific growth factors
of Venkataraman et al. (2018)51. The native 400 m SAFAR emissions52 were then re-gridded to the 3 km
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model grid through a mass-conserving remapping that preserves the total emitted mass before and after
regridding and merged with the scaled EDGAR-HTAP fields so that the fine-scale urban emission
structure of Delhi is retained within the broader regional background. Biogenic emissions were
computed online with the Model of Emissions of Gases and Aerosols from Nature (MEGAN53), and wind-
blown dust was generated online using the AFWA (Air Force Weather Agency) dust-emission scheme54.
Open biomass-burning emissions, which over this region and season are dominated by CRB, were taken
from the Fire INventory from NCAR (FINN55,56), obtained from the NCAR Atmospheric Chemistry
Observations and Modeling fire-emission archive (https://www.acom.ucar.edu/Data/fire/). FINN provides
fire emissions at high spatial resolution derived from satellite-detected active fires and land-cover-
specific emission factors; its known limitations during cloud- and haze-obscured days, and outside the
satellite overpass window, are central to the motivation of this study.

CUPI-G observational network
Surface PM₂.₅ observations were drawn from the dense low-cost sensor network operated under the
Aakash project of the Research Institute for Humanity and Nature (RIHN). The network is built around
the CUPI-G, which pairs a palm-sized optical PM₂.₅ sensor jointly developed by Nagoya University and
Panasonic with electrochemical sensors for nitric oxide, nitrogen dioxide, potential ozone (O₃ + NO₂) and
carbon monoxide16. The optical sensor derives PM₂.₅ mass concentration from the distribution of light-
scattering intensities of individual particles, resolving particles down to ~ 0.3 µm and reporting reliably
up to ~ 600 µg m⁻³29. Each unit records at high temporal resolution and transmits data in near real time
to an online server, enabling continuous monitoring throughout the burning season. Specifically, The
CUPI-G sensors were deployed mainly in rural agricultural areas within the crop-residue-burning source
region, especially across Punjab and Haryana, and along the downwind transport corridor toward Delhi-
NCR and western Uttar Pradesh. Which is the advantage of having CUPI-G network over the reference-
grade monitoring observations in Punjab and Haryana, which is mainly located in urban centres only15.

For the present study the 2024 deployment was used, comprising sensors distributed across Punjab,
Haryana, the Delhi-NCR and western Uttar Pradesh (Fig. 7). The network was deliberately sited in the
rural CRB source region and along the downwind transport pathway, rather than in cities, thereby filling
the spatial gap left by the urban-centric Central Pollution Control Board (CPCB) reference network and
the cloud- and haze-limited satellite retrievals16,15. Because the sensors measure mass concentration
directly at the surface, they remain available during the dense fog and haze that obscure satellite
observations during peak burning, and they continue reporting through the night, when emissions
accumulate under a shallow boundary layer. All quality-controlled PM₂.₅ observations from the network
are openly available through the Aakash data portal (https://aakash-rihn.org/en/data-set/).

The CUPI-G PM₂.₅ sensors were calibrated in the laboratory before deployment against a beta
attenuation mass (BAM), with a single scaling factor of ~ 1.4 applied to convert the optically derived
signal to ambient mass concentration16. Their stability was monitored during the campaign by
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intercomparison among neighbouring units and against reference instruments such as the BAM at the
US Embassy, New Delhi. Laboratory tests show that the CUPI-G sensors agree closely with one another,
with the sensitivity differing by less than about 10% from one unit to the next29. On this basis, an overall
measurement uncertainty of roughly 10% of the reported concentration has been adopted for the
network in earlier Aakash project studies11. This approximately 10% uncertainty was used to specify the
observation error in the data-assimilation experiments.

Figure 7. Spatial distribution of the 33 Aakash CUPI-G low-cost sensor sites (red circles) across Punjab,
Haryana and the Delhi-NCR during the November 2024 campaign.

Data assimilation framework
Surface PM₂.₅ from the CUPI-G network was assimilated into WRF-Chem using the three-dimensional
variational (3D-VAR) capability of the Gridpoint Statistical Interpolation (GSI) system, following the
chemical data-assimilation framework of the AIRWISE system21,57. The 3DVAR analysis blends the
model background with the observations by iteratively minimizing a cost function of the form

J ( ) =  (1)

where  is the analysis state vector of aerosol mass concentrations,  is the model background (first
guess), B is the background-error covariance matrix,  is the vector of CUPI-G surface PM₂.₅
observations,  is the forward observation operator that maps the GOCART aerosol species onto
surface PM₂.₅ space, and R is the observation-error covariance matrix that determines the relative
weighting of the CUPI-G observations and the model background in the analysis. Smaller observation
errors increase the influence of the observations on the analysis increment, whereas larger errors place
greater weight on the model background. In contrast to conventional implementations that assimilate
satellite aerosol optical depth at a single mid-day overpass (or surface PM₂.₅ from the urban CPCB
stations), here the assimilated constraint is the source-region, all-weather CUPI-G surface network.
During each analysis only the GOCART species that contribute to PM₂.₅ are adjusted47.

The background-error covariance (BEC) matrix used in the GSI assimilation was estimated using the
National Meteorological Center (NMC) method through the Generalized Background Error (GEN_BE)
utility58. The same methodology was followed for both the 00 UTC and 15 UTC assimilation cycles. In
this approach, pairs of WRF-Chem forecasts valid at the same analysis time were generated using
different meteorological inputs and perturbed anthropogenic and biomass-burning emissions. Following
previous applications over northern India, 100% uncertainty was assumed for both anthropogenic and
biomass-burning emissions to represent the large emission uncertainty during the crop-residue-burning
season. The differences between paired forecasts were then used by GEN_BE to estimate the
background-error variances and the horizontal and vertical length scales. The variance controls the
magnitude of the analysis increment produced from the model–observation innovation, while the length
scales determine how the increment is spread horizontally and vertically to neighbouring grid cells. Thus,
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the BEC used in the 00 UTC and 15 UTC analyses accounts for uncertainties in both meteorology and
emissions at the respective assimilation times. The observation error for CUPI-G PM₂.₅ was prescribed
according to the experimental design, using either a concentration-dependent error based on the
reported sensor accuracy or a fixed error assumption, to examine the sensitivity of the analysis to the
specified observational uncertainty.

Simulation setup and experiments
The model simulations were carried out for a 12-day analysis period from 10 to 21 November 2024,
representing the peak post-monsoon biomass-burning and pollution episode over northwest India.
Before the start of this analysis period, each simulation was initialized with a 7-day spin-up beginning on
3 November 2024. This spin-up period allowed the meteorological and chemical fields to adjust before
the assimilation experiments began on 10 November 2024. During the analysis period, meteorology was
reinitialized daily from the IITM-GFS forecast, while the chemical fields were carried forward from the
previous cycle to maintain continuity in aerosol and trace-gas concentrations.

Each model integration was preceded by a 7-day spin-up beginning on 3 November 2024, allowing the
meteorological and chemical fields to reach dynamical and chemical equilibrium before the 10
November start of the analysis window. Through the analysis period the model was cycled with daily
reinitialization of the meteorology from the IITM-GFS forecast, while the chemical fields were carried
forward from the previous cycle to preserve aerosol memory.

Three experiments were performed: a control (CNTL) simulation without assimilation (the model
background), and two assimilation experiments that are identical in every respect except for the
assumed observation error, which controls how strongly the analysis is drawn toward the low-cost
observations. In the first assimilation experiment (DA-EXP1) the observation error was set to 10% of
each observed concentration, consistent with the measurement uncertainty of the low-cost sensors. In
the second experiment (DA-EXP2) the observation error was instead fixed at 1.5 µg m⁻³ — the value
specified for the CPCB surface PM₂.₅ observations assimilated in the AIRWISE system21. DA-EXP2 thus
applies to the low-cost network the same observation error that AIRWISE assigns to regulatory-grade
CPCB monitors. Comparing DA-EXP1 and DA-EXP2 therefore isolates how the recovered episode
depends on the assumed accuracy of the assimilated data — specifically, whether weighting the CUPI-G
observations by their own ~ 10% uncertainty, rather than by the much tighter CPCB error used
operationally, changes the analysis.

Model evaluation and AQI assessment
Model performance was evaluated against the CUPI-G surface PM₂.₅ observations using four standard
metrics: the root-mean-square error (RMSE), the mean fractional bias (MFB), the normalized mean bias
(NMB) and the index of agreement (IOA). RMSE quantifies the absolute magnitude of the error; MFB and
NMB characterize the systematic over- or under-prediction in fractional and normalized terms,
respectively, and are symmetric and bounded measures suited to concentrations spanning a wide
dynamic range; and IOA measures the overall agreement between the modelled and observed time
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series, with values approaching unity indicating closer correspondence59,60,61. The formulas used to
compute these metrics are provided in the Supplementary Document. These metrics were computed for
the control and assimilation experiments to quantify the improvement in surface PM₂.₅ attributable to
assimilating the low-cost network.

Because the operational value of a forecast lies in the air-quality category derived from the absolute
PM2.5 concentration, the simulated and observed PM₂.₅ were additionally converted to the Air Quality

Index (AQI) using the Central Pollution Control Board (CPCB) breakpoint concentrations for 24-hour
PM₂.₅. These breakpoints define six classes, each spanning an AQI index range and a corresponding 24-
hour PM₂.₅ concentration range (µg m⁻³): good (AQI 0–50; PM₂.₅ 0–30), satisfactory (AQI 51–100; PM₂.₅
30–60), moderate (AQI 101–200; PM₂.₅ 60–90), poor (AQI 201–300; PM₂.₅ 90–120), very poor (AQI 301–
400; PM₂.₅ 120–250) and severe (AQI 401+; PM₂.₅ 250+). The skill of each experiment was then
assessed categorically rather than continuously: for every observed AQI class, we computed the
percentage of time steps at which the experiment placed PM₂.₅ in that same class (Eq. 2), conditioned
on the observation falling in that class. This conditional match rate is the relevant measure for
operational forecasting, because it is the predicted AQI category which trigger Graded Response Action
Plan (GRAP) interventions; A model that misses the observed category provides no actionable
information. The evaluation thus tests whether assimilating the low-cost network enables the model to
place the episode in the correct AQI class on the most polluted days (very poor and severe), when the
control simulation underestimates the magnitude of the haze and consequently fails to register the
correct category.

2

where CMe(c) is the AQI category match percentage (%) for experiment “e” (e ∈ {CNTL, DA-EXP1, DA-
EXP2}) and AQI category “c” (c ∈ {good, satisfactory, moderate, poor, very poor, severe}); Nobs(c) is the
total number of time steps at which the observation belonged to category “c”; and Nmatch, “e(c)” is the
number of timestamps at which the experiment “e” belonged to category “c”. By construction CMe(c)
ranges from 0% (the experiment never reproduces the observed category) to 100% (the experiment
reproduces it at every timestamp it occurs).

Data Availability
The CUPI-G hourly averaged PM₂.₅ observations used in this study are publicly available through the
Aakash Project data portal of the Research Institute for Humanity and Nature (RIHN) at https://aakash-
rihn.org/en/data-set/. Aerosol Optical Depth (AOD) data from the Ocean Colour Monitor (OCM) onboard
Oceansat-3/EOS-06 were obtained from the Indian Space Research Organisation (ISRO) and are
available through the MOSDAC (Meteorological and Oceanographic Satellite Data Archival Centre) portal

CMe (c) = × 100
Nmatch (c)

Nobs (c)
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(https://www.mosdac.gov.in/). Model output data and processed datasets generated during this study
are available from the corresponding author upon reasonable request.

Code availability
The WRF model and the software used for data analysis are open source. Data processing and analysis
in this study were performed using Python and other standard open-source tools. The analysis codes are
available from the corresponding author upon reasonable request.
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Figure 1

Hourly surface PM₂.₅ (µg m⁻³) observed by the CUPI-G network from 10 to 21 November 2024, averaged
over 33 stations spread across five regions: Delhi, Punjab, Haryana, Meerut and IIT-Roorkee (top to
bottom). The red star in each panel marks the maximum value attained during the period, with its
magnitude annotated in red. Note that the y-axis range differs between panels (0–2000 µg m⁻³ for Delhi,
Punjab and Meerut; 0–1000 µg m⁻³ for Haryana and IIT-Roorkee).
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Figure 2

Mean surface PM₂.₅ concentration (µg m⁻³; shaded) overlaid with 10 m wind vectors, averaged over 10–
21 November 2024, from the DA-EXP2 assimilation experiment over the analysis domain. The north-
westerly low-level flow advects pollution from the Punjab and Haryana CRB source regions toward Delhi-
NCR and the downwind areas to the southeast.
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Figure 3

Daily OCM AOD over the study region, 10–21 November 2024. White areas are missing retrievals; the
extensive gaps over the Indo-Gangetic Plain reflect dense fog, haze and low cloud that preclude reliable
AOD retrieval during the episode.
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Figure 4

Time series of hourly surface PM₂.₅ concentrations (µg m⁻³) for the five regions: (a) Punjab, (b) Haryana,
(c) IIT-Roorkee, (d) Delhi, and (e) Meerut, over the period 10–21 November 2024. The black line
represents the observed PM₂.₅ (OBS), the orange line the control simulation (CNTL), the blue line the
assimilation experiment with a fixed observation error of 1.5 µg m⁻³ (DA-EXP2), and the green line the
assimilation experiment with an observation error of 10% of the observed value (DA-EXP1).
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Figure 5

Hourly-averaged surface PM₂.₅ difference (µg m⁻³) between DA-EXP2 and DA-EXP1 (DA-EXP2 minus DA-
EXP1) over the simulation period 10–21 November 2024. Positive values indicate higher PM₂.₅ recovered
by DA-EXP2, reflecting the greater observational weight assigned under its smaller fixed observation
error.

Page 32/34



Figure 6

AQI category match percentage (%) for CNTL (blue), DA-EXP2 (teal), and DA-EXP1 (yellow) across five
regions: Delhi, Punjab, Haryana, Meerut, and IIT-Roorkee, over the simulation period 10–21 November
2024. For each AQI category — Good, Satisfactory, Moderate, Poor, Very Poor, and Severe — the bars
represent the percentage of hours at which the simulated PM₂.₅ falls in the same category as the CUPI-G
observation, conditioned on the observation belonging to that category.
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Figure 7

Spatial distribution of the 33 Aakash CUPI-G low-cost sensor sites (red circles) across Punjab, Haryana
and the Delhi-NCR during the November 2024 campaign.
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