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AT M O S P H E R I C  S C I E N C E

Hyperlocal sensing and inverse modeling reveal 
community impacts of urban air pollutant emissions
Chirag Manchanda1, Ronald C. Cohen2,3, Ramon A. Alvarez4, Tammy M. Thompson4,  
Maria H. Harris4, Alexander J. Turner5, Julian D. Marshall6, Robert A. Harley1, Joshua S. Apte1,7*

Addressing urban air pollution requires identifying, quantifying, and mitigating emission sources, yet bottom-up 
inventories often lack fine spatiotemporal precision and rarely capture unpermitted or informally operated sourc-
es. We combine dense mobile and fixed-site measurements in a Bayesian inverse modeling framework to produce 
hourly, hyperlocal black carbon (BC) emission maps (150 meters by 150 meters) that reveal how and where key 
sources are underrepresented. In West Oakland, CA—an overburdened community near major freight infrastructure—
our approach identifies underestimated and unaccounted emission sources, increasing estimated BC emissions 
by ∼33%. These corrections quadruple the contribution of neighborhood and port-related sources to population-
weighted exposures (from 5 to 20%), disproportionately affecting low-income neighborhoods adjacent to freight 
corridors. Our results demonstrate that combining dense observational data with inverse modeling enables de-
tection and quantification of overlooked emissions, supporting targeted intervention. Sensitivity analyses indicate 
similar performance with a substantially reduced fixed-site network (∼10 monitors; ∼1 site per square kilometer, 
compared with 6.7 sites per square kilometer in the full campaign), paired with time-averaged mobile maps, sup-
porting applicability in data-limited urban settings.

INTRODUCTION
Concentrations of urban air pollutants vary sharply in space, owing 
to a diverse array of unevenly distributed sources that often contrib-
ute to inequitable exposures and health outcomes (1). Bottom-up 
emission inventories—the foundation for most regulatory action—
rarely capture this fine-scale variability, often missing unpermitted, 
informally operated, or transient sources, and offering little insight 
into who is most affected and why. To mitigate human exposure to 
air pollution, it is essential to understand which pollution sources 
degrade air quality and by how much, whom these sources impact, 
and the underlying reciprocal linkages between emissions and ex-
posures. While findings from mobile monitoring studies and dense 
networks of stationary low-cost pollution sensors increasingly high-
light sharp gradients and localized exposure hotspots (2), translat-
ing these observations into quantitative, source-specific emissions 
estimates has remained elusive. Here, we leverage these dense hy-
perlocal air pollution observations (i.e., subneighborhood scale), 
in a measurement-modeling framework to quantify source-specific 
emission fluxes and their subsequent population exposure impacts 
at a 150-m and hourly resolution (3–8). Using this approach, we re-
veal ubiquitous neighborhood-scale pollution sources that have a 
substantial but previously poorly quantified impact on population 
exposures to air pollution, offering opportunities for precise, tar-
geted mitigation.

These gaps in fine-scale emissions understanding are becoming 
increasingly consequential as the urban emissions landscape rapidly 
evolves. Economy-wide shifts—including transitions in energy use 

in the transport and building sectors, the rise of e-commerce, and 
changing patterns of goods movement—are reshaping the sources 
that influence community-scale exposure. Yet, emission inventories 
often lag behind these changes. High-resolution observations are es-
sential to detect and quantify these emerging, high-impact contrib-
utors to urban emissions (3, 9–13). Here, we use “hyperlocal” to 
refer to subneighborhood spatial scales, within the broader fine-
scale monitoring range of roughly tens of meters to 1 km.

Traditional air quality management uses “bottom-up” emission 
inventories that are based on estimates of the spatial distribution of 
activities and their emission factors. These inventories then drive at-
mospheric dispersion or chemical transport models (CTMs), which 
simulate pollutant dynamics and infer exposures (14, 15). CTMs are 
indispensable for exploring atmospheric processes, testing emission 
scenarios, and evaluating chemical drivers of observed patterns. Their 
predictive accuracy, however, often depends heavily on the quality 
of input emission inventories, which frequently disagree with in situ 
concentration measurements, overlook key sources, and lack the spa-
tial resolution required for effective local-scale interventions (4, 16). 
Bayesian inverse modeling offers a complementary “top-down” ap-
proach to constrain and update emissions using atmospheric ob-
servations. Recent urban inversions have estimated emissions of 
short-lived and combustion-related pollutants across urban to re-
gional domains and at increasingly fine spatial and temporal scales 
(17–22). These studies demonstrate the value of top-down meth-
ods for evaluating bottom-up inventories and resolving spatiotem-
poral variability in emissions. However, estimating emissions at scales 
relevant to intra-urban exposure gradients remains challenging, 
particularly where pollutant concentrations vary sharply near roads, 
ports, rail corridors, and other urban combustion sources. While in-
versions can reduce dependence on prior inventories, they too have 
limitations, most notably their reliance on sufficient observational 
coverage, which has historically limited their application to coarse 
spatial scales due to the high cost of acquiring dense measurements 
(23–30). In the past decade, hyperlocal air pollution mapping—for 
example, using dense networks of fixed sensors and/or mobile 
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monitoring fleets—has emerged as a powerful tool to measure air pol-
lutant concentrations at very fine spatial scales, typically from tens of 
meters to ∼1 km. Yet, these techniques typically stop at mapping pat-
terns: They identify where pollution is high, but not why (2). The 
framework we present here integrates these threads—hyperlocal ob-
servations, CTM-based transport modeling, and Bayesian inference 
to quantify source-specific emissions at 150 m, hourly resolution—
directly linking community-level concentration patterns to the emis-
sion sources driving them. This innovation enables the detection and 
quantification of overlooked urban sources with the precision needed 
for targeted mitigation.

This study focuses on West Oakland, CA, a historically and pre-
dominantly African-American community (population ∼ 40,000, 
10 km2) that has long faced a high cumulative air pollution exposure 
burden (31). Like many overburdened communities, West Oakland 
has a diverse array of pollution sources, including three interstate high-
ways, a large port complex, and multiple rail yards and intermodal 
freight-handling facilities. Industries, warehouses, and major commer-
cial activities are located adjacent to and interspersed within residen-
tial areas of the community. Diesel emissions are a major contributor 
to elevated pollution, and black carbon (BC), a major component of 
diesel exhaust, imposes a substantial exposure burden on the commu-
nity. Despite more than a decade of intensive air quality studies led by 
regulatory agencies, research scientists, and community groups to in-
form mitigation efforts (15, 31–35), much of West Oakland’s pollution 
burden remains poorly resolved at the source level. Prior work has pro-
duced rich datasets, including hyperlocal fixed-site and mobile moni-
toring, detailed inventories, and validated transport models, yet these 
have not been fully integrated to pinpoint and quantify the sources 
most responsible for community exposures. This wealth of data, com-
bined with the community’s complex source mix and history of envi-
ronmental injustice, makes West Oakland an ideal setting to test our 
high-resolution inversion framework and demonstrate how it can un-
cover overlooked emissions that matter most for population exposures.

We build on prior Bayesian inversion studies by combining 
dense mobile and fixed-site air pollution monitoring datasets into 
an assimilated observational constraint that allows emissions to be 
estimated at hyperlocal resolution (5, 6, 36, 37). We term the meth-
od INFE2R (INversion for Fine-scale Emission and Exposure Re-
finement) (see section S1 and fig. S1 for details). Compared with 
bottom-up inventories, which smooth emissions across large grid 
cells and depend on activity-based estimates, INFE2R produces 
observation-constrained BC emissions at 150 m resolution—capturing 
sharp spatial gradients and transient emission plumes that invento-
ries miss. This framework enables three advances: (i) precise BC 
emission estimates tied directly to measured concentrations rather 
than proxy activity data; (ii) identification of sources that were pre-
viously unaccounted for in emission inventories; and (iii) a more 
actionable understanding of the link between emissions and popu-
lation exposures that comes from reintroducing corrected emissions 
into forward models. Even in a well-studied area like West Oakland, 
where disparities and sources are broadly known, INFE2R changes 
the picture from “we know there is a problem” to “we know exactly 
where, when, and by how much.” While the broad patterns may 
align with local expectations, our results quantify the magnitude 
and temporal dynamics of these impacts, enabling a shift from general-
ized assumptions to targeted, data-informed mitigation. Because 
the approach relies on detailed observational data, posterior estimates 
remain stable under large systematic and randomized perturbations 

to prior emissions estimate, while still benefiting from minimally 
informative spatial structure in the prior emissions for fine-scale detail.

Like any Bayesian approach, INFE2R combines three elements 
of a Bayesian inverse problem: a prior emissions estimate, a forward 
transport model that maps emissions to concentrations, and obser-
vational constraints, each represented with associated uncertainties. 
Here, we leverage an existing, previously validated BC emission in-
ventory for Oakland (32), which incorporates detailed measurements 
of the local diesel vehicle fleet (38–40). We applied a combination of 
a meteorological model and a Lagrangian transport model [Weather 
Research and Forecasting–Stochastic Time-Inverted Lagrangian Trans-
port (WRF-STILT); see the Supplementary Materials] (41, 42) to 
generate a source-receptor atmospheric transport matrix H that 
links BC concentrations at receptors to BC emissions at the source 
(resolution: 150 m, hourly). Together, these steps provide prior pre-
dictions of BC concentrations across the domain (see section S1.1 
and figs. S2 and S3 for details). For the second input—observational 
constraints—we use a published data-assimilation technique (43) 
that combined hourly measurements from a 100-day hyperlocal 
monitoring campaign (May to August 2017; 97 sites in 15 km2, or 
6.7 monitors km−2) with repeated mobile monitoring on every street 
(output: time-average pollutant maps at 30 m) (44, 45). The data as-
similation provides a spatiotemporally complete BC observational 
dataset (150 m resolution, ∼ 450 assimilated hourly observations in 
domain). This uniquely rich dataset blending dense fixed-site and 
mobile coverage enables us to demonstrate an inversion at hourly, 
neighborhood scale, where observational constraints are typically 
too sparse for robust source attribution.

Next, we solve an inverse problem, reconciling the mismatch be-
tween modeled BC concentrations and assimilated observations to 
derive spatiotemporally resolved “posterior” BC emission flux esti-
mates. When reintroduced into the forward model, these corrected 
emissions reduce (by ∼60%) out-of-sample mismatches between pre-
dicted and observed concentrations, and enable precise, data-driven 
quantification of how specific sources expose West Oakland’s popula-
tion to BC. Crucially, we show that this inversion approach remains 
robust even under large uncertainties or systematic errors in the prior 
inventory, underscoring its applicability across various urban settings.

The advance here is not hourly inversion alone, which has been 
demonstrated in prior top-down studies, but the combination of 
hourly temporal resolution with 150 m spatial resolution, source-
resolved emission estimation, and exposure attribution. Whereas 
recent time-resolved urban inversion studies resolve emissions down 
to ∼1 km2 (3, 12, 26, 27, 30, 37, 46), here we provide robust emissions 
estimates for pixels with about 50× smaller area (150 m × 150 m ≈ 
0.02 km2). We demonstrate how data assimilation allows even a lim-
ited set of fixed site monitors—when coupled with mobile monitor-
ing—to constrain emissions precisely and with high spatiotemporal 
resolution. While many of the individual building blocks used here 
have been demonstrated separately, INFE2R integrates them into a 
fully observation-constrained inversion at subneighborhood scale, 
showing how emerging hyperlocal data streams can be translated 
into actionable insights for air pollution control.

RESULTS AND DISCUSSION
Inverse model reveals sharp BC corrections
Inverse modeling yields substantial observationally constrained cor-
rections to the prior emission inventory, with notable spatiotemporal 
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nuance and structure. Figure 1A contrasts the prior and posterior 
estimates for BC emissions. Aggregated over space and time, domain-
wide BC emissions increase by ∼33%—from ∼2.7 kg hour−1 in the 
prior to ∼3.6 kg hour−1 in the posterior, but substantial differ-
ences emerge at fine scales. Corrections at the 150-m grid scale align 
closely with land uses (Fig. 1B), with the largest corrections at and 
near port facilities, at locations within residential neighborhoods, 
and along nearly all highways and major roads. Time-averaged poste-
rior emissions increase nearly everywhere across the domain, except 
on one stretch of highway (I-880) dominated by drayage trucks. BC 
emission fluxes are highly variable in space, with adjacent 150-m 
pixels often differing by more than 5×, suggesting the presence of 
emission hotspots.

Emissions spatial patterns show a marked weekend-to-weekday 
difference, with particularly large weekend reductions in areas 
near major physical infrastructure (ports, railyards, and highways). 
Domain-wide BC emissions are 2× to 3× higher on weekdays than 
on weekends, with marked day-to-day variation (∼3.5 to 5.5 kg 
hour−1, compared with a weekday prior of nearly constant ∼3.0 kg 
hour−1, Fig. 1C). A demonstration of the model’s efficacy is its de-
tection of a sharp emissions drop on July 4—a public holiday with 
reduced freight and industrial activity that is entirely absent from 
the prior inventory. This capability shows that the framework can 
dynamically correct for the impact within the domain of unantici-
pated events or holidays, so long as these deviations are captured in 
the observational record. Conversely, emissions corrections show 

Fig. 1. Spatiotemporal variability of inverse-derived emission corrections. (A) Time-averaged emission correction maps illustrate fine-scale (150 m) spatial variability 
in BC emissions for weekdays and weekends. The prior inventory generally underestimates emissions. The inversion (“posterior”) results in large upward correction in 
weekday emissions across the domain. The derived corrections vary sharply in space, with a reduction in emissions over part of the truck-dominated I-880 highway. No-
tably large additions to emissions in the posterior are in residential neighborhoods, which were almost entirely absent in the prior inventory, as well as in the area sur-
rounding the Port of Oakland. (B) Map of land-use patterns across the domain. (C) Hourly trends in BC emissions compare the posterior (bold blue line) and prior (light 
green shaded area) estimates. The posterior emissions consistently exceed the prior (blue shaded area). A notable exception occurs on a public holiday (July 4) not ac-
counted for in the prior inventory (dark green hatched area). Vertical dashed lines in (C) indicate the beginning of each week (0h00 Sunday).
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negligible temporal association with domain-average wind speed 
and boundary layer height (fig. S4), suggesting that day-to-day cor-
rection magnitudes are not primarily controlled by broad meteo-
rological variability. More generally, this approach can capture 
episodic or short-lived changes in emissions—such as special events, 
temporary shutdowns, or traffic anomalies—if these events are ob-
served and fall within the footprint window of the inversion. The 
framework is thus sensitive to real-world variability, but not omni-
scient: It cannot detect events that fall outside the observational re-
cord or spatial footprint of the modeling domain.

The observationally constrained posterior exhibits spatiotempo-
ral fidelity in reconstructing out-of-sample BC observations using 
cross-validation (section S1.4). Specifically, comparison of 150-m, 
1-hour BC predictions against held-out observations yielded Pear-
son’s R ∼ 0.81 to 0.84 and a normalized mean absolute error (NMAE) 
of 17-20% (table S1 and figs. S5 to S7). As an additional independent 
check, we compared prior and posterior predicted BC concentra-
tions against measurements from an EPA monitoring site that was 
not included in the mobile/fixed-site network or inversion and uses 
a different measurement approach. Posterior improved agreement 
relative to the prior at this independent site (Pearson’s R = 0.87 ver-
sus 0.45; fig. S8), providing validation beyond held-out inputs to the 
assimilated product. Additional fixed-site out-of-sample validation 
and reduced-observation sensitivity tests are presented in sections 
S5 and S6. In contrast, the prior bottom-up emission inventory per-
forms poorly in predicting observations (Pearson’s R ∼ 0.35 to 0.40, 
NMAE of 35 to 50%). Using an ensemble approach (fig. S9), we es-
timate high precision for the posterior estimates, with temporal and 
spatial coefficients of variation (SD/mean) of 8 and 14%, respective-
ly, based on heterogeneity in the observational constraints. Because 
explicitly forming the full averaging kernel is computationally in-
tractable for this high-dimensional state vector (see section S2), we 
interpret the posterior emission field at 150 m spatial resolution 
as a covariance-regularized, observation-constrained estimate rath-
er than an independent retrieval for every grid cell and hour. Confi-
dence is highest where posterior corrections are supported by 
footprint sensitivity, low ensemble variability, and stability across 
prior-perturbation tests (figs. S9 and S18 to S21). These results dem-
onstrate that INFE2R not only corrects large-scale biases in the in-
ventory but also resolves fine-scale spatiotemporal variability with 
high fidelity. This capability makes it broadly applicable to other 
cities, including those with fewer fixed-site monitors or less detailed 
prior inventories. Together, the held-out validation, EPA-site com-
parison, ensemble analysis, and prior-perturbation tests provide 
converging evidence that the major fine-scale posterior features are 
not driven by isolated observation or transport errors, while also 
showing that pixel-scale corrections are less certain for grid cells 
where receptor footprints provide limited observational sensitivity 
or where emission signals are very small.

Fine-scale insights into sectoral emissions
We derive emissions estimates at a fine spatial scale that reflects 
land-use-based distinctions among activity sectors. We group sources 
into five sectors that generate distinct temporal and spatial patterns 
of BC emissions: (i) major roads, which include diesel vehicles on high-
ways and designated truck routes; (ii) cargo handling equipment 
at the Port of Oakland (on land) (e.g., diesel-fueled on-shore equip-
ment such as cranes and loaders; trucks on port premises); (iii) rail 
(line-haul and switching locomotives; trucks and diesel equipment 

at intermodal facilities); (iv) marine (active and berthed ships); and 
(v) “neighborhood” emissions, representing diverse in-community 
sources such as warehouses, industrial or commercial activity, and 
vehicle emissions on smaller roads not classified as truck routes. 
Although such sources are often included in bottom-up inventories, 
aggregation across broad categories can mask important differences 
in magnitude, timing, and mitigation potential. While diesel trucks 
can appear in multiple sectors, their operational contexts and spatial 
clustering differ, enabling differentiated interpretation and targeted 
intervention. To allow flexibility, grid cells with zero prior emissions 
were initialized with a negligible placeholder value (1 × 10-8 kg hour−1), 
ensuring numerical stability and permitting the inversion to allo-
cate and scale up “missing” or underrepresented sources where sup-
ported by observations.

To enable sector-specific interpretation, we apply a single-sector 
assignment per 150-m grid cell (Fig. 2A; see section S4.1 for details)—
a practical simplification that works well in this setting, where 
source types are relatively spatially segregated at this resolution. Sec-
toral masks are used to structure the prior error covariance and sup-
port post hoc interpretation; they do not hard-constrain posterior 
emissions or prevent corrections in any grid cell. The covariance 
regularization encourages nearby pixels within the same source 
context to covary, while posterior emissions remain driven by the 
mismatch between observations and forward-model predictions 
(see section S2). Thus, adjacent highway pixels may be temporally 
correlated, while an adjacent highway and neighborhood pixel are 
not. Emissions can be assigned to any grid cell regardless of prior 
attribution or mask. This spatially explicit segmentation enables us 
to evaluate how different emission-generating land uses contribute 
to overall emissions patterns and how they differ in both magnitude 
and temporal dynamics. This step allows direct comparison of the 
prior and posterior inventories by sector, making it possible to iden-
tify where bottom-up methods systematically under- or overesti-
mate emissions.

Each sector exhibits distinct inventory corrections (Fig. 2B). 
Domain-wide emissions from rail change modestly (+4%), while 
port (+270%) and neighborhood sources (+100%) undergo larg-
er and more complex corrections. Temporal signatures of posterior 
estimates likewise differ among sectors. Whereas rail and marine 
emissions exhibit only moderate temporal variability, we find that 
major roads, port, and neighborhood sectors show sharp diurnal 
trends with 2× to 3× lower emissions on weekends (Fig. 2B). These 
corrections are not simply changes in total magnitude. They also re-
vise the temporal allocation of emissions. To isolate changes in tim-
ing from changes in total emissions, we compare peak-normalized 
prior and posterior diurnal profiles by sector (fig. S10). This com-
parison shows that the inversion modifies the shape of daily activity 
patterns, especially for major roads, port, and marine emissions. 
This suggests that inventory errors arise not only from missing or 
underestimated sources, but also from temporal allocation as-
sumptions that smooth real-world activity patterns, particularly for 
freight-related diesel activity.

Our results indicate that diesel emissions on major roads were al-
ready reasonably captured in the prior inventory (Fig. 2B). However, 
this likely does not reflect the overall impact of diesel truck emissions, 
as sectoral attribution in our framework is based on spatial land use 
and activity patterns rather than discrete emission sources. Some of 
this underestimation likely stems from truck activity off designat-
ed routes and within facilities. Because the prior inventory spatially 
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allocates on-road emissions using activity proxies such as traffic 
counts, road density, truck-route designations, and facility activ-
ity data, these posterior corrections help identify where such proxies 
underallocate diesel activity. This pattern reflects a structural limi-
tation of bottom-up inventories that may be generalizable to cities 
where truck-intensive activities are interspersed among other land 
uses, with warehouse clusters and small industrial operations contrib-
uting emissions that are poorly tracked or underreported. While 
diesel trucks likely contribute across sectors, each sector has a distinct 
regulatory and mitigation context, shaping the policy relevance of the 
corrections. Consequently, the biases revealed here may be general-
izable beyond the specific place and time of our study (West Oakland 
in 2017).

At the scale of individual 150-m pixels (Fig. 2C), the distribution 
of relative changes is highly skewed. While most pixels show sub-
stantial increases (posterior-to-prior ratios of 1.9 and 1.25 for the 
mean and median, respectively), the top 1% of pixels in the neigh-
borhood, marine, and port sectors experience marked increases of 
6× to 8×. These corrections not only are large in relative terms, but 
also correspond to meaningfully large absolute fluxes in many cases, 
disproportionately affecting population-weighted exposure due to 
proximity to residential areas. Where the prior inventory was near-
zero, the absolute mass may be small, but localized increments can 
still create peaks of concern for sensitive receptors. These substantial 
corrections indicate that the inversion framework can identify and 
substantially revise emissions for sources that are absent or nearly 
absent from the prior inventory—particularly smaller facilities or 
informal land uses that are often difficult to characterize using tradi-
tional bottom-up methods.

Although we leverage a localized, high-resolution prior in this 
study, INFE2R does not require such a detailed inventory to func-
tion effectively. As demonstrated by our sensitivity analyses (see the 
“Broader applicability and limitations” section and sections S5 and 
S6), the framework can still recover location- and time-specific 
emission patterns even when the prior lacks spatial detail, including 
when replaced with a uniform field. This highlights that dense and 
representative observational constraints can reduce sensitivity to 
detailed prior magnitudes, but do not eliminate the value of spatial 
prior information. In particular, the flat-prior tests show that tem-
poral dynamics can be recovered with little prior structure, whereas 
fine-scale spatial patterns improve substantially when land-use in-
formation is included through the covariance.

This approach enables quantitative attribution of emissions inten-
sity and temporal behavior to specific locations—moving from anec-
dotal local knowledge to observation-constrained, policy-relevant 
evidence. Figure 3A highlights the 10 grid cells with the largest aver-
age increase in neighborhood emissions (posterior-minus-prior). An 
aerial view (Fig. 3B) reveals specific facilities within these grid cells, 
including a smog check station, trucking companies, and warehouses 
(table S2). The facility-level spatial resolution, combined with distinct 
diurnal profiles observed in adjacent grid cells (Fig. 3, C and D), dem-
onstrates INFE2R’s ability to resolve both the location and timing of 
localized emission activity. Several high-correction pixels originated 
from uniform or near-zero prior values, and we observe both reallo-
cation within sectors (from identified to previously unidentified loca-
tions) and the emergence of spatially missing sources. These locations 
therefore provide diagnostic evidence of spatial allocation errors in 
the prior, especially for facility-associated truck activity, warehouse 

Fig. 2. Sector-resolved variability in emission corrections. (A) Emissions in the prior and posterior inventories (150 m resolution) are categorized into five major activ-
ity sectors based on their spatial distribution. (B) Domain-wide diurnal emissions rate profiles (kg BC hour−1) for each sector. Note the substantial variation among sectors 
in diurnal and weekday/weekend temporal signatures. Sectors vary markedly in the degree to which emissions increase in our observationally constrained posterior esti-
mate. (C) The magnitude of emissions corrections in the posterior varies from sector to sector, with the distribution of the pixel-level posterior-to-prior emissions ratios 
indicated in the box-and-whisker plots. At the pixel level, median emissions in the port increase by +300% in the posterior, while neighborhood sources and major roads 
have median corrections closer to +50%. Sector labels indicate dominant source context at 150 m resolution. The major-roads category reflects freeways and designated 
truck routes in the prior inventory, not all large or multilane roads; individual pixels may also contain adjacent land uses.
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clusters, smaller roads, and port-adjacent interfaces that are difficult 
to represent using conventional activity-based proxies. In the core 
case (Fig. 3), multiple high-impact posterior locations were spatially 
absent or heavily muted in the prior, confirming that “previously un-
accounted” includes missing or misallocated sources, not merely 
rescaled patterns. This finding is robust to a wide range of sensitivity 
scenarios (table S1). Many of these sources are located close to sensi-
tive receptors such as residences and schools. By converting qual-
itative awareness into quantitative, time-resolved evidence, these 
fine-scale, source-linked emission corrections provide a direct path-
way from hyperlocal observation to identifying context-specific miti-
gation pathways.

Connecting emissions to exposures
A key component of our approach is a source-receptor (“footprint”) 
matrix H that quantifies how emissions from any grid cell influence 
concentrations at receptor locations across the domain. We lever-
age H and our observationally constrained emission estimates to 
understand how distinct emission sources contribute to BC concen-
trations—and thus, population exposures—in West Oakland. To do 
so, we combine grid cell concentration predictions (Fig. 4) with 
block-level US Census demographic data (see section S4.2).

Source-oriented predictions of BC concentrations differ substan-
tially for the prior versus posterior inventories (Fig. 4). In the high-
est concentration areas, corrections shift predicted concentrations 
by up to 80% (Fig. 4, A and B), driven by revised emissions near key 
population centers. Posterior estimates indicate a more distributed 
source profile: exposures from major roads decreases, from 84% 
(prior) down to 68% (posterior), while the contribution from the 

other four source categories doubles from 16% (prior) to 32% (pos-
terior) (Fig. 4C). Of those four, neighborhood and port-related 
sources together account for ∼20% of BC exposures (posterior), or 
∼4× the prior value (∼5%). These changes are not spatially uniform: 
concentrations from the port and neighborhood sources increase up 
to eightfold the prior level in certain areas (fig. S11), underscoring 
the effect of localized emission hotspots overlooked in prior esti-
mates. Furthermore, for the most exposed population decile, the 
prior inventory underestimates population-weighted BC exposures 
by 50% (fig. S12), emphasizing the importance of the refined poste-
rior estimates for accurately capturing exposure disparities. While 
the campaign-averaged change in domain-wide population-weighted 
exposure appears modest (∼0.2 μg/m3), this masks larger, localized 
differences at the native 150-m, hourly scale. Across space-time, the 
mean absolute posterior-prior difference is ∼1 μg/m3, with extremes 
up to 13 μg/m3, concentrated in the most burdened neighborhoods. 
INFE2R enables attribution of these changes to specific source cate-
gories, allowing previously obscured emissions patterns to be iden-
tified and traced to their origins in a way that aligns with observed 
concentrations. This redistribution in exposure shares does not as-
sert that nonroad sources dominate emissions; rather, it shows that 
off-highway, facility-associated, and neighborhood-scale activities 
contribute more to exposure per unit emissions than previously cap-
tured, consistent with proximity effects embedded in H. Although 
some of the largest emissions corrections occur in port container 
yards with few residents, substantial concentration increases also 
occur in adjacent residential neighborhoods, with average BC lev-
els rising by ∼0.4 μg/m3 (∼50%) (Fig. 4). These areas, while often 
underrepresented in bottom-up inventories, are directly exposed to 

Fig. 3. Neighborhood scale emissions hotspots. We illustrate here the capability of the inversion framework to identify and quantify fine-scale local BC emission 
hotspots that are missing in the bottom-up inventory. (A) Here, we highlight the top 10 pixels (0.02 km2 each) with the largest increases in the “neighborhood” sector. 
(B) Aerial imagery shows how individual pixels correspond to discrete facilities (table S2). (C) A zoomed-in aerial view shows the grid resolution, capturing emissions from 
two adjacent facilities with clear spatial delineation. (D) Distinct diurnal emission patterns for all 10 highlighted facilities reveal diverse activity profiles, including pro-
nounced weekday/weekend variability. Notably, the two adjacent facilities in (C) exhibit distinct and contrasting temporal signals, further underscoring the framework’s 
ability to resolve both spatial and temporal variations in emissions. Aerial imagery in (B) and (C) is from Google Earth (image source: Google 2023).
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facility-associated and off-road diesel activity. Moreover, the cor-
rected sources are coemitters of fine particulate matter (PM2.5), un-
derscoring the relevance of these findings beyond BC alone. Crucially, 
the ability to resolve emission origins—rather than just magnitudes—
enables spatially targeted mitigation strategies that better protect 
overburdened communities.

Thus far, we have demonstrated how use of hyperlocal observa-
tions provides sharp revisions to our understanding of the geogra-
phy of emissions (i.e., Fig. 1A) and exposures (Fig. 4, B and C) in 
West Oakland. What connects these two endpoints, however, is a 
crucial question for effective air quality policy. Translating these im-
proved estimates into actionable policy guidance requires identifying 
not just the largest emissions sources but those that disproportion-
ately influence exposure due to proximity and local transport condi-
tions (47, 48). This distinction aligns with the policy concept of 
“indirect sources,” wherein a facility’s operations (e.g., shipping/
receiving, warehousing, queueing, and idling) induce emissions 
from mobile equipment and trucks that are not stack emissions of 
the facility itself but nonetheless generate substantial nearby expo-
sure (9–11). Our framework captures these effects by assigning 
emissions and exposure influence to the grid cells (and land-use 
sectors) where activity occurs, irrespective of legal ownership of 
the emissions.

We further decompose population exposure into the product of 
two terms (Fig. 5): domain-wide BC emissions E from a source cat-
egory (kg hour−1) and an exposure factor XF (μg m−3 per kg hour−1) 
that reflects the efficiency with which an emitting sector produces 
exposures for a specific population (49). XF is computed as the 
population-weighted receptor concentration per unit emissions and 
incorporates the source-receptor influence (H), receptor population 
distribution, and spatial transport. It captures not only atmospheric 
dispersion and dilution, but also proximity to densely populated 
areas—factors that make some sources disproportionately impactful. 
Here, we compute XF as a campaign-average metric to emphasize 
persistent exposure drivers, although absolute values and sectoral rank-
ings of XF vary across time-of-day and weekday/weekend subsets 

(fig. S13). This reflects genuine differences in how emissions trans-
late into exposure depending on population presence and meteoro-
logical regimes, underscoring the importance of temporally resolved 
analyses for targeted intervention. To illustrate how this varies spa-
tially, we split West Oakland into western and eastern zones, each 
home to approximately 20,000 people. Distinct sources within each 
zone differ markedly in their influence on exposure. In the eastern 
zone, neighborhood emission sources cause ∼5× more exposure per 
unit emissions (i.e., XF) than do rail or ship emissions. XF is not 
simply the H matrix or a population-weighted concentration; it quan-
tifies exposure per unit emissions and allows direct comparison among 
sectors with very different emission magnitudes. Beyond emission 
magnitude corrections, the posterior reveals a reordering in XF across 
sectors—highlighting sources that may be smaller in emissions but 
disproportionately high in exposure impact due to proximity and 
transport. In the prior model, roads not only account for the largest 
fraction of total exposure (82 and 85% in the W and E zones, respec-
tively), but also have the highest XF. The posterior shifts our un-
derstanding of relative exposure drivers, revealing how other source 
categories (especially neighborhood sources)—though less domi-
nant in the prior—contribute more strongly to population expo-
sure than previously estimated.

Sources that cause high exposures typically have high emission 
rates (E) and/or close proximity to populations (high XF). Analo-
gously to “super-emitters” in infrastructure systems, we find “super-
exposer” sources with disproportionate impact on population exposure 
(50, 51). For example, for one 0.6-km2 neighborhood within West 
Oakland (fig. S14), 20% of the emissions (and 7% of pixels) in the 
domain account for 60% of neighborhood exposures. These high-
impact sources are sprinkled across West Oakland, pointing toward 
the possible benefit of spatially targeted emissions mitigation efforts 
to protect specific especially sensitive receptors (52, 53). Crucially, a 
single facility like a port or neighborhood industry may be more 
amenable to localized control measures than, for example, on-road 
vehicles, for which emission reductions may be limited by slow an-
nual vehicle turnover rates and by limitations in local government 

Fig. 4. Substantial revision to the spatial distribution and magnitude of community-scale BC exposures. (A) Census-block level BC concentration estimates simu-
lated using inverse-modeled emissions show the sharp concentration gradients across West Oakland. (B) Percent change in BC concentrations compared to prior-based 
predictions, emphasizing how emission corrections reshape exposure landscapes. (C) Fractional contribution of each source sector to population-weighted mean BC 
exposures. Notably, the contribution of the four smallest source categories doubles from 16% to 32%, with an especially large increase for the “neighborhood” source 
category. Overall, while the domain-wide average exposure increases by ∼13%, both the spatial distribution of exposure and the source contributions to these exposures 
are sharply revised.
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authority (54). Thus, INFE2R provides a scalable pathway to gener-
ate observation-driven emissions corrections and exposure insights—
providing policy-relevant information to support locally tailored 
air quality interventions, even in settings with limited or outdated 
inventories—and doing so in a way that regular bottom-up invento-
ries cannot. Without the fine-scale observational constraints embed-
ded in INFE2R, the influence of colocated and indirect sources, 
facility-induced truck activity, and non-truck diesel equipment on 
local exposures would remain obscured, leaving gaps in both source 
attribution and targeted mitigation planning.

Although our analysis focuses on BC, many highlighted sources 
also contribute to PM2.5 mass through coemitted primary particles 
and precursors. BC is a major constituent of diesel PM (classified in 
California as a carcinogenic toxic air contaminant), and hyperlocal 
variation in BC has been associated with adverse cardiovascular 
outcomes in older adults (35, 55). Prior intraurban studies further 
indicate that much of the spatial variation in PM mass is driven by 
BC and coemitted primary organic aerosol (56). Accordingly, BC-
resolved corrections provide a high-resolution indicator of PM2.5 
relevant activity in urban combustion settings and can inform PM2.5 
exposure-reduction strategies where bottom-up inventories under-
count facility activity, off-route truck traffic, or material handling. 
Linking BC-based corrections with PM2.5 mass via source profiles 
or reduced-form modeling is a natural next step.

Broader applicability and limitations
INFE2R provides a framework for generating high-resolution, observa-
tionally constrained emissions estimates that can inform community-
scale air quality strategies. While demonstrated here for BC in West 

Oakland, the approach is transferable to a wide range of urban con-
texts, especially in communities that are overburdened by local pol-
lution sources but lack data-driven emissions estimates. In such 
settings, coarser emissions data or proxy inventories (e.g., land use, 
traffic models, or emission factor-based surrogates) may serve as 
useful starting points. Practical implementation requires interdisci-
plinary expertise across hyperlocal measurements, atmospheric 
modeling, data assimilation, and community-engaged air quality 
management, as well as the availability of a high-resolution (150 m) 
meteorological simulation (i.e., WRF) to estimate H. While these 
prerequisites are nontrivial, our sensitivity analyses (figs. S15 to S20) 
indicate that the modeling approach is robust even when observa-
tional data are limited or prior emissions data contain substantial 
uncertainties, enhancing the potential feasibility of applying this 
framework in resource-constrained or data-scarce urban settings.

Practically, INFE2R does not require a permanently dense net-
work: A one-time, representative time-averaged mobile map can sup-
ply spatial detail, while an ongoing network of ∼10 fixed monitors can 
provide temporal continuity. In down-selection tests, assimilating 
such a mobile map with ∼10 fixed sites reproduced near-core poste-
rior performance (spatial R ≥ 0.93; figs. S16 and S17). These results 
suggest that future applications may not require the same level of per-
manent fixed-site monitoring used in the original West Oakland cam-
paign. A representative mobile map plus a reduced fixed-site network 
can still be assimilated into a dense receptor field, here 549 receptor 
locations, while preserving hyperlocal spatial constraints. Computa-
tionally, the receptor-oriented STILT calculation scales with the num-
ber of assimilated receptors, modeled hours, and footprint duration, 
while daily inversions are independent and readily parallelized. This 

Fig. 5. Reordering of which sources have the highest marginal contribution to exposure. We divide West Oakland into two equal population halves (west and east) 
to illustrate how observationally constrained emissions estimates (posterior) update the understanding of which sources have the greatest impact on exposures. Expo-
sures resulting from each source type are decomposed into two factors: emissions rate (kg hour−1) and (ii) exposure factor XF, which indicates the population-weighted 
BC concentrations (and thus exposure mitigation potential) per unit emissions. The area of each plotted element represents its contribution to the BC exposure, with total 
concentrations indicated in the title of each plot. Sectors are ordered by XF from highest to lowest, highlighting which sectors generate the most exposure per unit emis-
sions. Observationally constrained posterior estimates present a marked reordering of XF in addition to general increases in emissions estimates. The details vary substan-
tially between west and east, suggesting the potential value of more locally targeted interventions. Overall, the relative importance of mitigating the nonroad source 
types increases markedly in our revised estimate. Indicated percentages quantify the sector-specific attribution of population-weighted mean BC concentrations. Note 
the sharp increases in the percentage contribution for the neighborhood and port sources, and the 39% increase in total BC exposure in the eastern zone.
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reduced-monitor result should be interpreted for primary BC under 
the transport and observational conditions studied here. Applica-
tions to shorter-lived or chemically reactive pollutants would require 
source-receptor operators that capture the relevant chemistry, life-
time, and transport at appropriate scales. Nonetheless, the ability to 
generate robust fine-scale corrections despite imperfect priors is par-
ticularly valuable in contexts where structural inventory biases—such 
as underrepresentation of off-highway freight activity, small industrial 
sites, or indirect sources—are likely to recur across cities and years.

These strengths should be interpreted in light of the assumptions 
required for large Bayesian inversions. Our implementation as-
sumes Gaussian prior and observational errors, uses a diagonal ob-
servational covariance for tractability, and solves for the posterior 
mean rather than the full posterior distribution. These assumptions 
do not imply that emissions or observations themselves are normal-
ly distributed; rather, they define an error model for the mismatch 
between prior emissions, forward predictions, and observations. 
Unresolved transport, representation, and covariance errors may 
remain, and future applications should revisit these assumptions 
where richer uncertainty information is available.

Because our framework attributes emissions to “source contexts” 
based on spatial land use rather than direct observations of emission 
activities, colocated sources—such as diesel trucks and yard equip-
ment operating within the same facility—are pooled within the 
same grid cell. As such, our results reveal both misestimated activity 
levels and fundamental limitations in how conventional inventories 
disaggregate emissions. For example, truck activity occurring off 
designated freight routes or within facilities may go uncounted in 
bottom-up estimates that assume spatially fixed source profiles. 
Regular bottom-up inventories, without such observational con-
straints, cannot reliably detect these colocated or facility-induced 
emissions, leaving them hidden from policy action.

While the observational dataset used in this study is from 2017, 
its unique spatiotemporal resolution makes it well-suited for devel-
oping and validating new inversion techniques. The methodological 
insights gained here—particularly regarding data assimilation, sen-
sitivity to priors, and integration of mobile and fixed-site measure-
ments—can inform future deployments of INFE2R in other cities 
and contexts. At the same time, the framework itself is not limited to 
historical analysis: It can be applied in updated monitoring cam-
paigns to track sector-specific emission reductions and evaluate 
policy effectiveness over time. Since 2017, there have been substan-
tial reductions in ambient BC levels in the region, presenting an 
opportunity to use new data to assess the real-world impact of regu-
latory interventions.

A crucial insight is that efficacy is driven by the combination of 
mobile and fixed-site data through data assimilation resulting in 
spatiotemporally rich observational constraints (see sections S5 and 
S6). The fixed-site monitors provide temporal continuity, while mo-
bile measurements contribute fine spatial detail. The enhanced ob-
servational density provided by this approach increases the model’s 
sensitivity to spatially resolved emissions, enabling precise, nuanced 
emission corrections (see section S3 and fig. S21 for details). We 
show explicitly that removing mobile monitoring data—thus relying 
solely on fixed-site observations—markedly reduces the inversion’s 
ability to resolve local emission hotspots (figs. S15 and S16). Con-
versely, preserving mobile data and sharply reducing fixed-site 
inputs (as few as 10 randomly-selected sites) still yields robust in-
versions nearly identical to our core analysis (Pearson’s R ∼ 0.93, 

NMAE <10%, see figs. S16 and S17). These results suggest that by 
using data assimilation to incorporate the high spatial density infor-
mation contained in mobile monitoring data, relying on a sparser 
fixed site network (<1 site km−2) could still permit a robust inver-
sion at our 150-m (∼0.02 km2) resolution.

We next explored the sensitivity of our results to the fidelity of the 
a priori emission inventory. We hypothesized that the very high den-
sity of the assimilated dataset (>50 observations km−2) might reduce 
the dependence of our results on the accuracy of the prior emission 
inventory. Therefore, in a series of sensitivity analyses, we systemati-
cally degraded the prior inventory using both sector-wide and ran-
domized grid-level perturbations (sections S5 and S6 and fig. S18). 
Specifically, we applied sector-specific scaling factors (0.25× to 4×) 
to emulate systematic directional bias and randomized grid-level 
perturbations within each sector to emulate spatially heterogeneous 
inventory errors, including local over- and underallocation of emis-
sions. These randomized tests provide a complementary assessment 
of whether localized prior errors can project into the posterior. Nota-
bly, doubling or halving the assumed prior emissions from a given 
sector had virtually no impact on resulting posterior emissions esti-
mates across the domain (temporal Pearson’s R ∼ 0.96 to 0.98; spatial 
R > 0.99). In a more extreme case, where the prior was eliminated 
altogether, the high density of observational constraints still allowed 
reconstruction of a temporally reliable emissions estimate (R ∼ 0.84), 
though spatial precision was lower (R ∼  0.45, fig.  S19). When the 
same flat prior mean was paired with a land-use–structured covari-
ance (fig. S20), spatial agreement with the core posterior improved 
substantially (R ∼ 0.83) while temporal skill was retained. This out-
come shows that meaningful spatial patterns can be recovered when 
observations are paired with simple land-use covariance structure, 
even without detailed prior magnitudes.

Together, these analyses illustrate a key difference between inver-
sions and CTMs: While CTMs are essential for process understanding 
and scenario testing, inversions like INFE2R leverage observations to 
directly constrain emissions, reducing dependence on potentially bi-
ased priors. The two approaches are complementary—CTMs diag-
nose why emissions produce certain outcomes, while inversions 
diagnose what the emissions actually are. These findings imply that 
INFE2R can be deployed in regions with less detailed or incomplete 
inventories. A localized prior is helpful, and some spatial structure in 
either the prior mean or covariance remains important for fine-scale 
spatial fidelity. Even when initialized with coarse or uniform priors, 
the framework identified spatially and temporally resolved emissions—
including sources absent from inventory data—especially when 
land-use–structured covariance was applied (figs. S19 and S20). 
However, accuracy depends on measurement coverage and represen-
tativeness; in settings with sparse measurement data, missing inven-
tory detail poses greater challenges and uncertainty.

Together, these sensitivity analyses support the applicability of 
our approach to other urban areas, including those with more lim-
ited monitoring networks and more uncertain priors. That said, 
certain prerequisites must still be met. Temporal resolution of ob-
servational constraints must be adequate to resolve hourly emission 
dynamics; this may not be feasible with heavily time-averaged data. 
While this study focused on BC, the method could, in principle, be 
extended to other pollutants such as PM2.5 or NOx, provided trans-
port and chemistry can be reasonably linearized (e.g., via CTM 
adjoints or reduced-form models). Similarly, transient pollution 
events (e.g., wildfires, structural fires, or major disruptions such as 

D
ow

nloaded from
 https://w

w
w

.science.org on O
ctober 29, 2026



Manchanda et al., Sci. Adv. 12, eaeb7647 (2026)     28 October 2026

S c i e n c e  A d v a n c e s  |  R e s e ar  c h  A r t i c l e

10 of 14

COVID-19 lockdowns) can be captured in our modeling approach, 
provided they are adequately represented in the observational data-
set. These capabilities mean that INFE2R is not locked to a single 
moment in time: repeating such analyses over time using updated 
observations could help track changes in urban emissions and eval-
uate the real-world impacts of mitigation policies, including those 
that have driven recent BC reductions in West Oakland since the 
time of data collection. More broadly, the framework is designed to 
be transferable: It requires only (i) a source-receptor operator re-
solved at spatial and temporal scales appropriate to local urban 
transport and (ii) observational constraints with fine spatial struc-
ture (from periodic mobile mapping) and modest temporal continu-
ity (from a sparse fixed-site network). As long as the source-receptor 
operator can be reliably derived at the relevant scales, the framework 
remains robust even when prior inventories are coarse or uncertain. 
This supports applicability across diverse cities with differing land-
use patterns, emission sources, and monitoring infrastructures.

While BC is not directly regulated, the same source contexts typi-
cally contribute to PM2.5 mass. BC-based inversions can therefore 
guide PM2.5 mitigation by identifying where primary particles and 
coemitted species are underestimated and by localizing the most im-
pactful source contexts. For context, regional analyses have associated 
average BC levels of ∼0.3 μg/m3 with ∼2 deaths per 100,000 and ∼20 
cardiovascular hospitalizations, underscoring the potential public-
health value of the source-targeted reductions identified here (55).

Computationally, the framework is tractable and scalable: Each 
day of hourly emissions is solved independently and can be parallel-
ized across cores. In our implementation, with precomputed STILT 
footprints, inversions required ∼6 to 8 min/day on 16 CPU cores, 
enabling full 100-day campaigns to run within a few hours. Multipol-
lutant applications are similarly feasible, particularly when footprints 
can be reused across pollutants. As such, city-scale or longitudinal 
deployments can be supported on modest high-performance com-
puting resources.

Overall, our findings demonstrate how combining mobile and 
fixed-site monitoring data, atmospheric transport modeling, and inver-
sion can yield observationally constrained, fine-scale emissions esti-
mates that meaningfully revise our understanding of who is exposed to 
what—and from where. In a historically overburdened community 
such as West Oakland, this capability is itself environmental-justice rel-
evant: Measurement-constrained emissions at 150 m and hourly 
resolution can support facility- and corridor-scale identification of 
exposure-relevant sources, even when the domain is too small to reli-
ably quantify race/ethnicity-stratified disparities within the neighbor-
hood. Our key finding, that smaller, distributed urban emission sources 
have a substantial and underappreciated impact on air pollution expo-
sures, warrants further validation through studies in other settings. 
While our analysis used data from a past campaign, the INFE2R frame-
work is well suited for longitudinal application. If applied repeatedly 
with new data, this approach could help quantify emissions mitigation 
progress over time and assess the effectiveness of evolving regulatory 
policies. In doing so, it offers a replicable, observation-driven pathway 
for cities worldwide to uncover and address emissions sources that tra-
ditional bottom-up inventories alone cannot reliably detect.

MATERIALS AND METHODS
INFE2R builds on the Bayesian inverse modeling paradigm, using 
measured pollutant concentration data to adjust and refine prior 

emission inventories. Its distinguishing feature—and primary poli-
cy relevance—lies in its ability to produce emissions estimates at a 
granular 150-m, hourly resolution. This capability is driven by two 
innovations: (i) the use of a dense observational constraint field 
(∼50 data points per km2) derived from assimilated fixed-site and 
mobile measurements, and (ii) a source-receptor transport matrix 
constructed at matching resolution, enabling fine-scale corrections 
by back-propagating mismatches between predicted and observed 
concentrations.

Such observational density is infeasible through conventional 
fixed-site monitoring alone. Instead, we leverage a previously pub-
lished data assimilation technique that fuses mobile and fixed-site 
measurements into a spatiotemporally complete BC dataset. This as-
similated dataset is equivalent to a uniform network of 450 sensors 
covering the 9-km2 study domain at hourly resolution. The trans-
port matrix—derived using the WRF–STILT model (57)—connects 
emissions at source to concentrations at receptor, preserving the 
150-m resolution across space and time.

The following sections mirror the structure of the Bayesian in-
verse problem and its implementation. We begin with the forward 
model, which defines the likelihood by mapping emissions to pre-
dicted concentrations. Next, we describe the assimilated observa-
tional constraints. Last, we detail how the prior emissions estimate, 
forward model, observations, and error covariances are combined 
to compute posterior emission estimates.

Forward model
The forward model, as illustrated in fig. S1, uses a priori emissions 
data 

(

xa
)

 alongside a source-receptor transfer matrix or footprint 
matrix (H) to estimate emissions-derived pollutant concentrations 
(

ya
)

 at designated receptor locations following Eq. 1. The forward 
model calculations were run at hourly resolution over a 100-day 
study period from 19 May to 26 August 2017, corresponding to the 
availability of observational data.

Source receptor transfer, or footprints matrix (H)
The forward model serves as the linkage between pollutant emis-
sions at their sources and pollutant concentrations at receptor loca-
tions. In this study, we derive a “footprints” matrix, representing the 
transfer function between emission sources and receptors. This 
matrix is generated using the STILT model (42), which uses high-
resolution meteorological inputs from a WRF model run (41). The 
matrix quantifies the time-varying sensitivity of pollutant concen-
trations at receptors to emissions from upwind grid cells. Footprint 
sensitivities, initially expressed in units of ppm∕μmol m2 s−1 , were 
converted to μg m−3∕g m−2 hour−1 (or observed BC concentration 
per unit BC emission flux) using an appropriate conversion factor, 
similar to Feng et al. (58).
WRF model setup
The WRF model is used to generate fine-scale meteorological fields, 
which serve as inputs for the STILT model to calculate footprints. 
The physics parameterizations and boundary conditions are consis-
tent with those used and validated by Hamilton and Harley (32) for 
the same spatial domain and time period. WRF was run in a nested 
configuration (fig. S2) with three domains:

1) Domain D01: Covers a 400 km by 400 km area in Northern 
California (99 × 99 grid cells at a 4.05-km horizontal resolution).

ya = Hxa H ∈ ℝ
m×n; xa ∈ ℝ

n×1 (1)
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2) Domain D02: Focuses on the greater Bay area, covering a 131 km 
by 131 km region (99 × 99 grid cells at a 1.35-km horizontal resolution).

3) Domain D03: Refined to focus on West Oakland, the primary 
study area, covering 9.3 km by 9.3 km (72 × 72 grid cells at a 150 m 
horizontal resolution).

The meteorological fields produced using these physics parame-
terizations and domain configurations were validated in prior work 
by Hamilton and Harley (32), ensuring their reliability for the study 
region and time frame. The West Oakland domain is dominated by 
low-rise residential, industrial, port, and freight-corridor land 
uses rather than dense high-rise street-canyon environments. Thus, 
while WRF-STILT does not explicitly resolve building-scale turbu-
lence or street-canyon flow, prior high-resolution WRF-STILT appli-
cations in this same domain have demonstrated reliable performance 
for neighborhood-scale transport (4, 12, 13, 32, 59). Dense observa-
tional constraints can reduce sensitivity to random or site-specific 
transport errors in inverse estimates (4), although they do not elim-
inate coherent transport biases in the source-receptor operator. Re-
maining subgrid dispersion effects are not separately modeled but 
are implicitly reflected in the empirical spatial and temporal uncer-
tainty terms used in the observational error covariance.
STILT model setup
The STILT model was configured to run within the fine-scale inner-
most domain (D03). Although WRF outputs covered all 72 × 72 grid 
cells, STILT simulations were restricted to a 62 × 62 grid, trimmed by 
five cells on each side to mitigate boundary effects. STILT simula-
tions were conducted for each receptor location with observational 
constraints, linking these receptors back to the 62 × 62 grid used for 
the inverse modeling calculations.

Concentration sensitivities were computed using an ensemble of 
1000 particles released from each receptor and transported back-
ward in time. Tests with higher particle ensembles (5000 and 10,000 
particles per receptor) changed footprint sensitivities by <2% on 
average, confirming that 1000 particles is sufficient for convergence 
in this domain. The residence time of these particles within emis-
sion grid cells quantified the influence of emissions on receptor con-
centrations. Each simulation ran for 6 hours, at which point more 
than 98% of particles had exited the innermost D03 domain. To cap-
ture contributions from sources outside this domain, we estimated 
background concentrations at each receptor and hour using prior 
emissions from the surrounding region (D02 excluding D03), com-
bined with 24-hour STILT back trajectories. These regional back-
ground concentrations were incorporated into the observational 
error covariance matrix at each receptor to account for “background 
error” (see section S2 and fig. S22). On average, 99% of particles 
exited D02 within 24 hours, enabling us to capture regional influ-
ence while isolating local emissions during inversion. Because re-
ceptor observations can capture localized plumes sharper than a 
150-m transport grid can resolve, some high-concentration events 
may contribute to representativeness error. This effect is partly ac-
counted for in the observational error covariance and partly miti-
gated by the least-squares inverse formulation and sector-structured 
prior covariance, which discourage isolated single-pixel corrections 
and promote locally coherent adjustments among neighboring pix-
els of the same source context (see section S2 for more details).

STILT incorporates meteorological influences such as relative 
humidity, precipitation scavenging, and boundary layer mixing by 
directly ingesting WRF meteorological outputs at hourly resolution. 

Precipitation and wet deposition processes are modeled by probabi-
listically removing particles when precipitation occurs along the 
trajectory, while turbulent mixing and entrainment are treated via 
stochastic perturbations to particle velocities informed by modeled 
turbulence parameters (42). This coupling allows STILT to capture 
the impacts of changing atmospheric stability, wind shear, and pre-
cipitation on particle trajectories and sensitivities.

STILT has been widely applied and validated in a range of studies to 
estimate source contributions to pollutant concentrations (57, 60, 61). 
These applications demonstrate that STILT effectively reproduces ob-
served concentration patterns in urban and regional contexts when 
driven by high-resolution meteorological fields, supporting its suit-
ability for fine-scale inversion studies such as this work.

While this approach effectively captures regional background using 
modeled prior emissions, it does not account for episodic or uninvento-
ried background events (e.g., wildfires) originating outside the domain. 
However, no major wildfire activity affected the Bay Area during the 
study period, and as shown in fig. S22, regional background concentra-
tions remained a small fraction of observed values—about one-third of 
the 5th percentile across the domain. Even if wildfire smoke had dou-
bled or tripled those values, the overall concentration patterns would 
still be dominated by local emissions, which drive the spatial gradients 
that our inversion is designed to resolve.
Prior emission inventory 

(

xa
)

The prior inventory was adapted from a bottom-up BC emission 
inventory for West Oakland by Hamilton and Harley (32), previ-
ously used for WRF simulations at 150 m resolution (32, 41) and to 
compare these predictions with measured BC concentrations. The 
inventory is structured across three nested WRF domains (D01 to 
D03, see fig. S2). While emission corrections are derived for the in-
nermost domain (D03), prior emissions from D02 (excluding D03) 
are used to estimate background concentrations error estimates in 
D03 (see section S2).

The bottom-up inventory was constructed using a combination 
of measured and parameterized data, including traffic counts, road 
density, and on-road measurements of emission factors, supple-
mented by reported data on port operations and locomotive emis-
sions. Emission factors for major sources, such as drayage and 
over-the-road trucks contributing to on-road vehicle emissions, 
were derived from in situ measurements conducted over the past 
decade, tracking fleet-specific variations within the study area (38–
40). For further details, see Hamilton and Harley (32).

The original inventory includes seven emission sectors. For this 
study, we merged two on-road vehicle categories (light-duty and 
heavy-duty vehicles) and two port-related marine vessel categories 
(ocean-going vessels and harbor craft) into consolidated groups. 
This reorganization results in five emission source categories: ma-
jor roads; rail; the Port of Oakland (“port”), located on land; ma-
rine, consisting of ships and harbor craft; and a large assortment of 
mostly smaller-scale sources distributed throughout the commu-
nity (“neighborhood sources”). This grouping reflects the domi-
nant land use or activity in each grid cell rather than the precise 
technological origin of emissions. For instance, diesel truck activ-
ity may contribute to multiple categories, directly or indirectly, but 
each represents a distinct regulatory and emissions control con-
text. This categorization enables spatial segmentation and com-
parison of prior and posterior emissions by sector and location 
(see section S4.1 for details).
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Observational constraints 
(

yo
)

In this study, observational constraints are derived from the West 
Oakland Community Air Quality Study, an intensive 100-day mea-
surement campaign conducted from 19 May to 27 August 2017 in 
West Oakland, CA. This campaign included a fixed-site measure-
ment network deployed by Caubel et al. (44), consisting of approxi-
mately low-cost 100 BC sensors (62) strategically distributed across 
residential, industrial, and high-traffic locations. The network used 
the Aerosol Black Carbon Detector (ABCD), a custom low-cost sen-
sor platform previously evaluated for neighborhood-scale BC map-
ping. Although not a commercial instrument, the ABCD provided 
high precision for this application (MAE: 0.02 μg/m3) and with valid 
observations available for 84% of hours on average [see section S1; 
Caubel et al. (44) and Manchanda et al. (43)]. Complementing 
the fixed-site network, two Google Street View vehicles, custom-
equipped with fast-response gas and particle instrumentation (63), 
repeatedly surveyed every street in the study area. Fixed-site data 
completeness and QA/QC procedures are documented in Caubel 
et al. (44), while the paired mobile and fixed-site measurements enter-
ing the assimilation framework are described in Chambliss et al. (45). 
The assimilated observational product used here, including its valida-
tion and uncertainty characterization, is described in Manchanda et al. 
(43). Further details on measurement approach and instrumentation 
are provided in section S1.

To transform these measurements into observational constraints 
suitable for inverse modeling, we used a recently published data as-
similation technique (43) (see fig. S1). Unlike traditional data assimi-
lation methods that require predefined model states, this technique 
leverages inherent cross-dimensional relationships between pollut-
ant concentrations driven by shared emission sources and meteoro-
logical conditions. Specifically, spatially dense but temporally sparse 
mobile multipollutant data fill spatial gaps in the temporally con-
tinuous, but spatially sparse, fixed-site BC observations. This pro-
cess yields a spatiotemporally complete BC concentration dataset. 
Validation experiments previously conducted by Manchanda et al. 
(43) demonstrated that this assimilation method reproduced out-of-
sample fixed-site observations with high fidelity (Pearson’s R ∼ 0.95; 
NMAE ∼ 0.20).

For the present analysis, we adjusted the spatiotemporal resolution of 
the assimilation outputs to align with the meteorological and emission 
inputs required by our inversion framework. Whereas Manchanda et al. 
(43) originally applied this assimilation at 30-m spatial and 15-min tem-
poral resolution, here we aggregated data to a coarser 150-m spatial reso-
lution (150-m point buffers spaced along roads; fig. S3) and hourly time 
steps. While distance-decay relationships for BC have been shown to be 
steep at scales below 150 m (63), our assimilation product is designed to 
reflect spatial structure at scales resolvable by the transport model. As 
such, sub–150-m gradients are not explicitly resolved in the inversion 
but are implicitly captured in the form of smoothed observational con-
straints that are internally consistent with the resolution of the inversion 
framework. This resolution strikes a balance between computational 
feasibility and representational accuracy, resulting in assimilated obser-
vations for 549 receptor locations over the 100-day study period 
(2400 hourly time steps). Revalidation at this 150-m (coarser) resolution 
confirmed similar high performance, reproducing out-of-sample 
fixed-site observations with Pearson’s R ∼ 0.96 and NMAE ∼ 0.18.

As shown in Manchanda et al. (43), the mobile component need 
not be continuous and coinciding with the fixed site measurements: 

A representative, time-averaged mobile map generated over a finite 
campaign can be reused to supply spatial detail, with a periodic tar-
geted refresh if source patterns change materially. In this study, we 
treat the assimilated dataset as the “truth” for inversion purposes, 
and we evaluate inversion performance not only by its ability to re-
produce out-of-sample assimilated observations, but also via compari-
son against fully independent fixed-site sensors that were entirely 
withheld from the data assimilation step (i.e., sensors not contribut-
ing data to any assimilated product; see section S1.4). In addition, 
we performed sensitivity analyses to evaluate the impact of observa-
tional density on emission corrections (table S1 and figs. S14 to S16). 
These included scenarios where observational constraints relied 
solely on the underlying fixed-site measurements, without mobile 
data assimilation. We further explored the scalability and accuracy 
trade-off by assessing how performance varies when assimilation is 
conducted with progressively fewer fixed-site sensors, following 
prior demonstrations that similar observational density can be 
achieved with fewer inputs (43) (see table S1 and section S5). To-
gether, these analyses demonstrate the robustness of the inversion 
approach under varied observational scenarios, including those 
with limited or spatially sparse measurements.

Bayesian estimation of emission corrections
The Bayesian inversion framework updates prior emissions esti-
mates 

(

xa
)

 using the mismatch between observational constraints 
(

yo
)

 and forward model predictions 
(

Hxa
)

 . This mismatch forms the 
basis of an inference problem to computing posterior emission esti-
mates. Assuming Gaussian-distributed errors, a closed-form solu-
tion for the posterior 

(

xc
)

 can be derived as shown below in Eq. 2 
[cf. Rodgers (64)]

Here, xc is the vector of posterior emission estimates, So is the 
observational error covariance matrix, and Sa is the prior error cova-
riance matrix. We solve the inverse problem separately for each day 
of emissions. The H matrix is constructed from STILT-generated 
footprints that trace concentrations to emissions up to 6 hours back 
in time. This enables a given day’s emissions (24 hours) to influence 
up to 30 hours of observed concentrations. The likelihood is defined 
by the mismatch between observed concentrations and forward-model 
predictions, weighted by So . Thus, the model enters the Bayesian up-
date through H , while the prior and observational uncertainties en-
ter through Sa and So , respectively.

The observational error covariance 
(

So

)

 is treated as a diagonal 
matrix, assuming observational errors are uncorrelated spatiotempo-
rally. In line with previous studies, each diagonal element represents 
a total error σm , as a composite of measurements uncertainty and 
background variability. Here, σm aggregates instrument noise, as-
similation uncertainty, and background/representation error, ensur-
ing posterior updates are uncertainty weighted. Constructing a fully 
populated prior error covariance matrix 

(

Sa

)

 would result in more 
than 1012 elements for a single day’s inversion. To maintain computa-
tional tractability, and in line with previous literature (3, 4, 12, 65), Sa 
was modeled as a Kronecker product of a temporal (D) and a spatial 
covariance (E) matrix (see section S2 for more details).

xc =xa+
(

HSa

)T(

HSaH
T +So

)−1(
yo−Hxa

)

So∈ℝ
n×n

; Sa∈ℝ
m×m

(2)
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In this formulation, spatial correlations are segmented by emis-
sion sector. For example, grid cells corresponding to the “roads” sec-
tor should be correlated with other road sector grid cells but not 
with rail or marine sectors. An exponential decay in correlation is 
imposed in both space and time, ensuring nearby grid cells have 
higher correlations. This means that if one road pixel is over- or un-
derestimated for a given time step, adjacent road grid cells and time 
steps are more likely to experience similar biases. However, this ef-
fect should not extend to nearby grid cells from other sectors. For 
instance, if a traffic jam was missed in the prior emissions but cap-
tured by the observational constraints, it is likely to have caused an 
underestimation in emissions for a subset of road segments for 1 to 
2 hours, but it should not affect errors in emissions from other sec-
tors in the vicinity.

Ultimately, this sector-specific, spatially explicit covariance struc-
ture leverages the strength of INFE2R—combining dense observa-
tional constraints and fine-resolution transport modeling—to deliver 
highly resolved and observationally constrained emission estimates. 
These posterior estimates form the foundation for the downstream 
analyses presented in this study, including evaluations of sectoral 
contributions, temporal trends, exposure disparities, and robustness 
to data limitations.
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