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Overview What Can We Learn From Mobile Air Pollution Measurements?
Validation, Comparison, and Data Mining 

Mobile Air Mapping in India

In Summer 2017, more than 100 fixed-site black carbon (BC) samplers 
were deployed for 100 days in West Oakland, CA. Monitors were sited 
at a mixture of residential and commercial properties. Sampling sites 
were chosen to incorporate a diverse array of land uses, including up-
wind sites and locations near industries, busy roads, and a major port. 
Measurements were made using a novel low-cost light absorption BC 
sensor, the Aerosol Black Carbon Detector (ABCD, Caubel et al., 2018), 
which was extensively validated against reference techniques. 

During the 100×100 campaign, two Google Street View (GSV) cars repeatedly sampled 
every city street in West Oakland on 35 distinct days, collecting over 330 h of measure-
ments, and repeatedly passing each of the fixed ABCD monitoring sites. We devised three 
approaches to comparing mobile and fixed measurements:

• Laboratory co-location: We co-located 3 ABCD sensors next to the night-time parking 
area for the two GSV cars. We compared 1 minute-average BC data for the ABCD sensors 
and the photoacoustic extinctiometer instrument on the GSV cars. The two measurement 
approaches agree with r2 ~ 0.85. 

• Co-location via parking: Several times during each driving day, we parked the GSV cars 
for ~15 minutes in front of an ABCD monitoring site. Using this dataset of ~200 parking 
events at 30 locations, we will compare time-resolved mobile and fixed BC measurements.

• Drive-by sampling: The GSV mobile sampling campaign resulted in ~20-40 repeated 
measurements on every West Oakland street during summer 2017. We will systematically 
compare the average fixed-site ABCD measurements (see Figure 2) to the average BC 
concentration measured on the nearest road segment.

The 100×100 Study: comparing mobile and fixed measurements Source identification: temporal and chemical signatures 

This work is supported by a large team of co-authors: 
KP Messier, SE Chambliss, S Gani, A Gurung, RP Gardner-Frolick (UTexas); 
R Alvarez, C Portier, A Roy, SP Hamburg (EDF); CV Preble, JJ Caubel, TE Cados, TW 
Kirchstetter (UC Berkeley / LBNL); RU Shah, ES Robinson, AL Robinson, AA Presto 
(Carnegie Mellon); JD Marshall (U Washington); RCH Vermeulen (Utrecht); 
MM Lunden, BW LaFranchi (Aclima), K Tuxen-Bettman (Google).

Figure 2. Average BC measurements for each of ~ 100 ABCD sensors during summer 2017, expressed as a 
concentration ratio relative to the single regulatory fixed-site BC monitor (starred icon). Data from Preble et al., in 
prep (do not cite or reproduce).

Motivation: Urban air pollution concentrations can vary sharply over short distances. High 
spatial resolution surfaces of urban air quality data are needed for many purposes, 
including exposure assessment for health studies, identification of emissions sources, and 
characterization of exposure. However, conventional techniques are generally 
unable to routinely provide data on intraurban exposure gradients. 

Objectives: Supported by a recent HEI Rosenblith New Investigator Award, this project  
investigates the potential for mobile monitoring using fleet vehicles to fill current gaps in 
fine-scale air pollution exposure assessment. The project builds on recent work in 
Oakland, CA to develop very large (multi-year, > 107 observation) mobile monitoring data-
sets using Google Street View (GSV) cars equipped with fast-response gas and particle 
analyzers (Apte et al, 2017). That work demonstrated that 
systematic, repeated mobile measurements could reveal 
fine-scale variability in urban air quality simply by averaging 
repeated observations.

The emphasis of the present project is on developing, 
validating, and challenging this method with a view to 
scalability: to addressing persistent air quality data gaps at 
large scale. The project has the following specific aims:

• Validation with fixed-site data: How do time-averaged 
spatial patterns in air pollution revealed by repeated  
mobile monitoring compare with what could be observed 
with an extremely dense network of fixed-site monitors? 
Are on-road mobile monitoring data a valid representation 
of concentrations experienced by populations at a 
distance from a roadway? 

• Comparison with other exposure assessment 
techniques: How do mobile measurements compare with 
what would be revealed by other common techniques? 
We will compare mobile monitoring results with outputs 
from land use regression, satellite remote sensing, and/or 
chemical transport models. 

• What can high-resolution mobile air quality data re-
veal about exposure-relevant sources? Can data min-
ing of repeated multipollutant measurements provide valid 
information about the neighborhood and regional sources 
of pollution that influence population exposures? How do 
the understandings enabled by these data mining tech-
niques compare with conventional source apportionment? 

• Extensibility to developing country locales: Can this 
mobile-monitoring approach translate effectively to a 
developing country? We will adapt this approach for use in New Delhi, India. 

• What strategies exist for effectively scaling up mobile monitoring? How much data 
needs to be collected, at what quality, and in what sequence, in order to develop a robust 
estimate of the fine-scale variability in population exposure?
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Figure 1. Example mobile dataset. 
Annual median BC concentrations 
measured at 30-m scale by repeat 
mobile monitoring. Figures show 
Oakland, CA (a, 16 km2) and an inset 
area (b, 0.6 km2). Note the many 
local hotspots. (Apte et al., 2017).
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Using existing data collected with Google Street View cars in Oakland, we will test whether 
we can identify spatial and temporal emissions source signatures by applying time series 
data mining techniques to mobile measurements. For example, Figure 3 separates local traf-
fic emissions peaks from the ambient background. To validate these findings, we will com-
pare data-mined patterns to a spatially resolved PM 

1 source apportionment derived from a 
specially equipped mobile laboratory with a high-resolution aerosol mass spectrometer (HR-
AMS) that was used in Oakland in concert with the GSV cars in Summer 2017 (Figure 4-5).

Figure 3. Identification of localized concentration peaks using time-resolved GSV measurements. a. Example 10 
min time series of NO and NO   2. Baseline fitting algorithm decomposes measurements (solid traces) into an ambient 
baseline component (dashed lines) and a source-driven high-frequency component (“peaks”, difference between 
observation and baseline). Peak fraction PF indicates contribution of peaks to total sampled mass. PF is high for 
NO (low baseline, sharp peaks), and low for NO   2 (elevated ambient levels from photochemistry). Temporal prog-
ress along route indicated by blue-white-red color scale in a, and mapped in space in b. As indicated by the time 
color scale in a and b, the starred NO peaks are spatially concentrated around a metal recycling plant ×. c, Spatial 
concentration profile for this example period. d,e,f. Application of peak-separation algorithm to entire data set. d,e. 
Scale for PF quantifies fraction of mean concentration at each 30 m road segment attributable to transient peaks. 

Figure 4. As part of the EPA Center for Air, Climate and 
Energy Solutions, Carnegie Mellon’s “Breathemobile” 
mobile lab joined the Oakland sampling campaign in 
Summer 2017.

Overview: To test the extensibility of mobile air quality monitoring to developing country 
settings, we will conduct a field study in New Delhi beginning in 2019. Aims of the Delhi 
portion of the study are to (i) evaluate the feasibility of the repeated mobile monitoring ap-
proach in an Indian city, (ii) validate and compare these measurements against other expo-
sure assessment techniques (e.g., Land Use Regression (LUR), satellite remote sensing 
(RS) observations, chemical transport models, CTM), and (iii) attempt to identify sources 
through data mining. 
 
Prior work in New Delhi using an auto-rickshaw mobile monitoring platform (Fig. 6) sug-
gests that our approach of repeatedly measuring a city street can produce plausible 
estimates of long-term average on-road air pollutant concentrations at high precision. 

 
Study design: Similarly to the Oakland campaign, we will 
equip two cars with fast-response gas and particle 
analyzers and an onboard data-acquisition system. We will 
define a set of study domains (total road length < 1000 km, 
land area 50-100 km 2) in diverse New Delhi neighborhoods. 
These domains will span distinct traffic conditions, land 
use characteristics, income levels, and probable emissions 
sources. To facilitate comparison with other exposure meth-
ods, we will align the study areas to overlap with the grids 
commonly used by RS and CTM model datasets. Using the 
two vehicles, we will repeatedly sample each road segment 
in our study domain, aiming for a minimum of 5-10 samples 
per season. 

Data analysis: We will apply data reduction algorithms to 
convert time-resolved measurements to annual-average 
and seasonally-resolved air quality maps. Using time series 
decompositions for primary pollutant measurements (e.g., 
NO, BC), we will attempt to identify distinct spatial patterns 
that are signatures of fresh emissions. We will make 
structured comparisons of our results to ground-based 
ambient measurements and source apportionment studies, 
CTM and LUR predictions, and RS-based exposure  
surfaces.

This project is funded by Health Effects Institute, an organization jointly funded by the US Environmental Pro-
tection Agency (EPA, Assistance Award No. R-82811201) and certain motor vehicle and engine manufacturers. 
Preliminary data collection was supported by Environmental Defense Fund, Google, the Center for Air, Climate 
and Energy Solutions (US EPA  Assistance Agreement No. R835873), and private philanthropy.

References: [1] Apte JS et al., Atmos. Environ. 45, 4470-4480, 2011. [2] Apte JS et al., Environ. Sci. Technol. 
51, 6999-7008, 2017. [3] Caubel JJ et al., Sensors 18, 738, 2018.

Figure 5. Positive matrix factorization (PMF) source apportionment of Carnegie Mellon’s mobile HR-AMS mea-
surements of aerosol chemical composition. A single factor is shown here: hydrocarbon-like organic aerosol (HOA), 
which is a strongly associated with traffic and other liquid fuel combustion emissions. The spatial pattern of fresh 
HOA emissions produces localized hotspots, in contrast to the spatially homogeneous background of regional 
secondary organic aerosol. We hypothesize that time-series based data mining (e.g., Figure 3) can reveal sources 
in a similar way to the detailed HR-AMS source apportionment shown here. For more detail, see Sunday’s Poster 
#20, Shah et al. 
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Figure 6. Example of applicability of 
data reduction algorithms to 
measurements of BC on an auto- 
rickshaw based platform in New 
Delhi, India. Note the evident 
hotspots near major intersections 
and clean areas near a major park. 
(Data: Apte et al., 2011).

Assessing Scalability
A strength of the mobile measurement approach is its potential scalability. Since a single 
vehicle can repeatedly map a large area, providing cost-effective measurements even if 
the underlying instruments are expensive. If measurements can be made at low cost, 
very large monitoring fleets could potentially be equipped. Using measurements from 
Oakland and Delhi as a starting point, we will conduct the following analyses: 

• Data degradation: Can inexpensive sensors with lower performance provide data of 
sufficient quality to make valid air quality maps? We will artificially degrade the precision, 
accuracy, and response time of our high-quality measurements, and assess whether it 
may be possible to sacrifice data quality. 

• Data quantity: How many repeated measurements are required to develop a valid map? 
We will randomly subsample our large datasets to determine whether there is a point of 
diminishing return. 

• Synthesis of operational lessons: For mobile monitoring to be successfully scaled up, 
it must be not only scientifically rigorous, but also operationally feasible. We will develop 
a roadmap report that considers the operational aspects of implementing our findings. 


