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Motivation
● Elevated PM2.5 concentrations (particulate matter <2.5 microns) can impact air quality, visibility, the radiation balance, and precipitation events, and they have been linked to negative human health effects.
● Irrespective of the consequences of elevated airborne PM concentrations, actions to mitigate the sources of that pollution rely critically on knowing where and when their emissions occur.
● The purpose of MAPM is to develop a method to infer particulate matter (PM) emissions maps from in situ PM concentration measurements, using an inverse model system which takes prior (first-guess)
emissions estimates and in situ PM concentrations measurements as input to retrieve PM emissions source maps for the domain of interest.
● Christchurch was selected as a target city to demonstrate MAPM’s capability → PM2.5 concentrations frequently exceed the National Environmental Standards for Air Quality during winter

MAPM measurement network
(a)

● MAPM field campaign took place from 21 June to 25 August 2019; a total of 67 PM 2.5 instruments were
deployed (Dale et al. 2020);

(b)

○ 50 low-cost instruments - ODINs (red crosses Fig.1b) and 17 high-cost instruments - ES-642s (blue
marks in Fig. 1b). Each ES-642 was co-located with an ODIN.
○ Meteorological variables (temperature, wind speed and direction, relative humidity) were measured using
automatic weather stations.
○ Mini micro pulse lidar (MiniMPL) and Lufft CHM 15k Ceilometer were installed on the roof of the
Rutherford science and innovation centre at the University of Canterbury to measure aerosol backscatter
and provide estimates of the boundary layer heights.

Inverse Model System
● An overview of the overall inverse model system that was developed for MAPM is provided in Fig. 2 - as its core sits the bayesian
inversion equation (hereafter referred to as ‘inversion’, Tarantola et al. 2005), requiring the following input:
○ Prior emissions → derived from 2018 census data; incl. traffic, industry & home heating.
○ Prior error covariance matrix → 50% of the corresponding emissions value at each grid-point.
○ Transport matrix → FLEXPART-WRF is used as the adjoint Lagrangian transport model, driven by WRF meteorological fields to
generate SSRs which are then used to create 12-hour integrated footprints from each of the 49 measurement sites.
○ PM concentrations → Hourly averages of the PM measurements obtained during the field campaign (21 June to 18 July 2019).
Background estimates (which estimate the inflow of PM into the domain) have been removed from the observations before their use.
● Inverse model is run for day-time (6 am to 6 pm) and night-time (6 pm to 6 am) separately and rain events were excluded.
● Output: Daily day-time and night-time PM2.5 emissions maps (posterior) for Christchurch.

Results
● Day-time and night-time (averaged over the domain) posterior compared to prior emissions estimates
are shown in Fig. 3. → posterior emissions consistently 40 to 60% lower than prior emissions.
● By multiplying the prior or posterior emissions by the transport matrix (containing the footprints from
every measurement site for every measurement), we can calculate the prior and posterior estimates of
PM2.5 concentrations and compare them against the measurements directly (Fig. 4).
● Overall the inversion is capable of matching the measurements, except for periods where very high
concentrations of PM2.5 were measured. This mismatch on these days most likely result from the
transport model not simulating the boundary layer correctly during night-time (not shown).
● Map of the differences between the inferred emissions (posterior) and prior emissions is shown in Fig. 5
→ the mean differences across the inversion period are shown for both day-time and night-time.
Negative numbers indicate higher emissions than the prior estimates, while positive numbers indicate
lower emissions compared to the prior.
● Overall, inferred emissions are higher, except for regions around the city boundary where the inverse
model suggest lower emissions than estimated in the prior.

Figure 3: Day-time (left) and night-time (right) mean of the daily emissions inferred from the inverse model (blue) compared to
the priori emissions estimates (orange). Note the mean was calculated over the whole domain, excluding the grid-cells with zero
emissions.

Figure 1: (a) Example of typical ES-642 (gray metal box) and ODIN (black box)
installs - note the instrument is Dust Met Mote with an additional sonic
anemometer. (b) Locations of the instruments deployed during the MAPM field
campaign and the AWSs operated by MetService and NIWA.

Figure 2: Schematic of the MAPM inverse model system, its required inputs and produced outputs.

Figure 4: Comparisons of PM2.5 concentration enhancements for in-city measurement sites showing the prior-based
concentrations, the measured enhancements, and the posterior-based concentrations.

Conclusion & Outlook

Figure 5: Differences between posterior and prior emissions for the day-time (left) and night-time (right) period. The
differences were calculated using the mean posterior and mean prior emissions across the inversion period.
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● Systematic overestimation of the prior emissions estimates of PM2.5 for the Christchurch, which is in the
range of 40-60%. → not surprising given the assumptions made when generating the prior. Prior
represents the ‘worst case’ emissions, real emissions are very much temperature dependent.
● Inverse system is working → measurements provide information required to infer emissions.
● Post-inversion estimates match well with the measured enhancements except for high emissions
nights which are not represented well by the inverse model due to the inability of the transport model to
correctly simulate temperature and boundary layer heights, especially during cold nights when
temperature inversions are apparent. → WRF simulations require improvement.
● Posterior minus prior differences show that the corrections are distributed throughout the city, thanks to
the good coverage of the large observation network.
● Spikes around the outskirts of the city may be artifacts due to poor footprint coverage or due to
misrepresentations because of transport error or may in fact be unknown emission sources.
● While MAPM is currently using FLEXPART-WRF, the intent is in future to use higher spatial resolution
model output from WRF4PALM to investigate the sensitivity of the inverse model to resolution.
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