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Abstract
The United States Environmental Protection Agency (EPA) makes use of a suite of statistical data fusion
techniques that combine ambient monitoring data with air quality model results to characterize pollutant
concentrations for use in various policy assessments. Data fusion can overcome some of the spatial limitations
of monitoring networks and benefit from the spatial and temporal coverage of air quality modeling. The current
EPA air pollution prediction model uses a downscaler (DS) model to estimate pollutant concentrations on a
national surface. Of interest are ways to improve the performance of the DS in certain areas of the continental
US, particularly those with sparse monitor representation. The current methodology utilizes the same spatial
range parameter across the continental United States. In order to capitalize on the strengths of spatial
modeling capabilities, we consider predictions run on a regional scale. We do this by allowing for a flexible
spatial range parameter. By allowing the spatial range parameter to be more localized, we may achieve more
precise predictions. We use the output from the DS model run separately on the nine (9) National Oceanic
and Atmospheric Administration (NOAA) climatic regions of the continental US with overlap. Findings show
that regional and national DS air quality predictions differ significantly for regions where Air Quality Systems
(AQS) density is low. We consider an assessment of the regional DS runs to the national runs, as well as a
comparison to two (2) national monitoring station networks. Significant discrepancies are seen in the areas
where the density of AQS stations is low, such as the Northwest, Northern Rockies, West and Southwest
regions. A critical step is splicing the regions back together along the regional boundaries to create a smooth
national air quality surface, that is applicable for regions with both low and high discrepancies. The method
demonstrates visual smoothing of the two (2) overlapping surfaces and can be extended to handle higher
dimensional overlap. Our smoothing parameter is based on the longitudinal distance to the edge of the DS
regions. In our paper, we focus on providing smoothed estimates based on predictions from two regional DS
runs and provide a comparison of three approaches to generate smoothed estimates for overlap regions.
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Introduction

In 2016, the US EPA estimated that approximately 123 million people lived in counties where air quality
concentrations were above the primary US EPA’s National Ambient Air Quality Standards (NAAQS) [7].
Additionally, in 2018, the World Health Organization also reported an estimate of about 7 million premature
deaths caused by ambient air pollution for the same timeline [8]. One type of air pollution is called Particulate
matter (PM). It is a complex mixture of extremely small particles and liquid droplets in the air. Research,
over the years, has established linkage between exposure to Particulate Matter (PM) and health-related risks
such as aggravated asthma, difficulty breathing, chronic bronchitis, decreased lung function, and premature
death [3, 4, 6]. PM is also associated with environmental impacts such as visibility impairment and disruption
to the natural nutrient and chemical balance of the soil. Specifically, PM2.5 describes fine inhalable particles,
with 2.5 micrometers and smaller diameters. We will focus on PM2.5 for our assessment.
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