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Mapping the PM2.5 distribution
and emerging hotspots
in California for 2020



● Exposure to fine particulate 
matter may result in the 
development of respiratory and 
cardiovascular diseases

● It is a threat to public health 
(Vodonos & Schwartz, 2021) 
and public and 
environmental welfare (U.S. EPA, 
2012).

Introduction

Source: LA Times - https://www.latimes.com/california/story/2020-09-10/air-

quality-california-fires-bay-area-los-angeles



● Map the monthly distribution of PM2.5 in California;

● Perform map algebra operations to calculate the mean, 
minimum, maximum, and range of PM2.5 values for 2020;

● Identify space-time PM2.5 emerging hotspots 
and visualise them in 2D and 3D;

● Utilise census tract data to identify vulnerable populations who 
are at risk of being exposed to unhealthy PM2.5 levels.

Objective & Goals



● We focused on California as it 
is the state with the worst air 
quality in the USA (Bashir et al., 
2020)

● Significant correlation between 
environmental pollutants 
(e.g. PM2.5, PM 10, SO2, CO and 
NO2) for total cases and total 
mortality (Bashir et al., 2020)

● Exhibits high variability in PM2.5 
sources, meteorology and 
topography (Li et al., 2020)

Study Area



When the daily average PM2.5
value rises above 35.4 μg/m3, it
is considered unhealthy for
sensitive groups.

PM2.5 Air Quality Index



Data Sources

S/N Dataset Name Dataset Description Data Source
Data 
Format

Last 
Updated

1
California 2020 
PM2.5 
measurements

Daily mean PM2.5 
measurements from fixed 
monitoring stations across 
California state in 2020.

US Environmental 
Protection 
Agency (EPA)

CSV 2021

2
OAFN California 
County Census

California county boundary 
with respective Census data 
requested by OAFN.

California Office 
of Access and 
Functional Needs 
(OAFN)

SHP 8/8/2017



PM 2.5 studies in California Literature Review
Research direction

Mapping and visualisation 

● Spatial-temporal dimension 

(Our research focus), rarely examined in California

● Estimative and predictive modelling

Aguilera et al., 2020; Li et al., 2020; Stowell et al., 

2020; Xiao et al., 2020

● Correlation between variables 

Bashir et al., 2020; Rooney et al., 2020; Vodonos

& Schwartz, 2021

Statistical methods chosen

• Spearman and Kendall correlation tests

• Inverse Distance Weighting (IDW)

• General Additive Model (GAM) 

The effect of Wildfire to PM 2.5

Concur: (Li et al., 2020; Rooney et al., 2020; Stowell 
et al., 2020)

• Santa Ana seasonal winds exacerbates propensity 
for fire ignition and prolongs fire seasons (Stowell 
et al., 2020) 

Reject: Cisneros et al. (2014)



Spatial-temporal mapping and spatial data handling  Literature Review
Method Scholar Rationale / strength 

Interpolation Inverse Distance Weighting (IDW) Aguilera et al., 2020; 
Keler & Krisp, 2015

1. Suitable when data points are sparse
2. Noted to be preferable and precise over the option of having estimated values 

to be within range of sample values

Ordinary Kriging (OK) Huang et al., 2015 • Shows a positive correlation between uncertainty and distance away from 
points (Brus et al., 2013)

Empirical Bayesian Kriging (EBK) Bhunia & Ding, 2020;
Yang et al., 2017; 
Zhang et al., 2016;
Brown et al., 1994

1. Its capability to interpolate spatially intensive data
2. Provide a dependable diagnosis of the uncertainty of model predictions

Normal Quantile-Quantile plot 
• Study spatiotemporal linkages among air quality variables

Performance evaluation 
• ArcGIS Pro allows the generation of Root Mean Squared Error (RMSE) and 

Standard Error Maps to check for interpolation methods’ performance

Geographically Weighted Regression (GWR) 
model

Luo et al., 2017; 
Yang et al., 2017

• Pays attention to spatial variabilities
• Accounts for the dynamic nature of auxiliary variables in different areas and 

seasons

Radial Basis Function (RBF) Bhunia & Ding, 2020

Visualisation Histogram Yang et al., 2017 • Plot against time to identify the highest concentration period 

Hotspot Polygon Keler & Krisp, 2015 • Quick visualisation of outstanding values 

Generalized Additive Mixed model (GAMM) Cisneros et al., 2014; 
Huang et al., 2015

• Specific for analyzing the linkages between PM 2.5 and other variables



Pre-processing of PM 2.5 data

• Removing of outliers (values <0 
μg/m3)

• Filtered and export data for1st day 
of every month

• Reproject to EPSG 3311

Exploratory Data Analysis

• Using boxplot, histogram, QQ plot, 
summary statistics and attribute 
table functionality

Spatial Interpolation using 
Empirical Baysesian Kriging 
(EBK) + Cell Statistics

•Performed EBK with multiplicative 
skewing normal score transformation

•Mean, minimum, maximum and range of 
PM2.5 across 12 months were calculated

Create Space Time Cube

•Fishnet: 10 x 10km

•Extract interpolated PM2.5 to fishnet 
centroids

Perform Emerging 
Hotspot Analysis 

(EHSA)

2D & 3D visualisation 
of EHSA results

Indicator Kriging for 
Sep-Dec 2020

Calculate and rank 
vulnerability (for Oct 

2020)

Methodology and Workflow



Results – Boxplot summary



Results – EBK Prediction Maps

01 Mar 

2020

01 Jan 

2020
01 Feb

2020

01 Apr 

2020
01 May 

2020

01 Jun 

2020

01 Jul 

2020

01 Aug 

2020

01 Sep 

2020

01 Oct 

2020

01 Nov 

2020

01 Dec 

2020



Results – EBK Standard Error Maps
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Results – Cross validation Summary Statistics
Month RMSE RMSE (Standardised) Average SE

Jan-01 6.813 1.012 7.283

Feb-01 5.220 1.030 5.217

Mar-01 1.852 1.000 1.864

Apr-01 2.695 0.969 2.717

May-01 3.026 0.914 3.079

Jun-01 2.121 1.001 2.100

Jul-01 2.039 1.065 1.962

Aug-01 3.056 1.077 2.734

Sep-01 6.833 1.434 5.652

Oct-01 12.430 1.134 11.921

Nov-01 6.041 0.961 6.573

Dec-01 14.319 1.513 9.668



Results - Cell Statistics

MinMean Max Range



Results – EHSA (2D)



Results – EHSA (3D)



Results – EHSA (3D)



Results – EHSA (3D)



Results – EHSA (3D)



● Vulnerable population are 
young children < 5 years 
old, and the higher age-
group populations of ages 
45-64 and >65 years old. 

Results – Vulnerable Population & Calculation 

𝑉𝑚 = 𝑃 ∗
𝑃𝑜𝑝𝑖 − 𝑃𝑜𝑝𝑚𝑖𝑛

𝑃𝑜𝑝𝑚𝑎𝑥 − 𝑃𝑜𝑝𝑚𝑖𝑛

where V is the vulnerability for a given month m,

P is the probability that the unhealthy PM2.5 threshold for vulnerable groups

will be exceeded (derived from Indicator Kriging),

𝑃𝑜𝑝𝑖 represents the vulnerable population size for a given county 𝑖,

𝑃𝑜𝑝𝑚𝑖𝑛 represents the minimum vulnerable population for across all counties,

𝑃𝑜𝑝𝑚𝑎𝑥 represents the maximum vulnerable population for across all counties.



Results – IK Prediction/ SE Maps (P > 35.4 μg/m3)

01 Sep 2020 01 Oct 2020 01 Nov 2020 01 Dec 2020



Results – Vulnerability map 
(01 Oct 2020) 

Top 10 Most Vulnerable Californian Counties for 

01 Oct 2020

Higher Rank = More Vulnerable



● Novel and complementary approaches - EBK and space-time cube (EHSA) to analyse and
visualise PM2.5 data.

● From our analysis, we deduced that Sep-Oct are the periods with exceptionally high
PM2.5 concentrations.

● EHSA – for each location how the hot/coldspot change with time – validates our
interpolation results.

● Possible Reasons: 21 wildfires in Sep (mostly late Sep) & 16 wildfires in Oct; Valley
temperature inversion hypothesis.

● Vulnerability maps – rank vulnerability of California counties to inform decision-making
processes.

● Link to SDH concepts: uncertainty/ limitations.

Discussion



Instrumentation and 
measurement 

uncertainty

Limitations: Uncertainty

Interpolation 
Uncertainty 

Contextual/ 
neighbourhood

uncertainty 

Arises due to:
• Instrument breakdown

Solution: 
• (Data collection) more 

frequent calibration 
and check up 

• (Data user) perform 
data cleansing prior 
analysis 

Arises due to:
• Nature of the data 

points (non-normality/ 
stationary) 

Solution: 
• Perform cross-validation 

to obtain RMSE 

• Choose to use 
interpolation methods 
that can tolerate some 
abnormality in 
distribution

Arises due to:
• Emerging hotspot 

neighbourhood 
parameters

Solution: 
• Domain expertise

• Perform spatial 
autocorrelation 

• Not applicable for our case 
(fixed point sampling) 



● Atmospheric pollutant studies usually use a variety of methods
(no fixed methodology). We showcased a combination of
complementary GIS methods to model, analyse, visualise and
handle the uncertainty of spatially continuous datasets/
phenomenon.

● Achieved goals of mapping PM2.5 distribution, emerging
hotspots, identified vulnerable groups, and quantified the
corresponding uncertainties/ limitations of our study.

Conclusion



THANKS!
Questions?
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