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Co-location calibration is a process …
Minimize bias & Extrapolate with extreme caution



Can O3 sensors be used to help site regulatory 
ozone monitors?

• Can sensors find hot (or cold) spots for 
ambient O3 between regulatory monitoring 
stations?

• What spatial (and temporal) scale do we 
observe O3 concentration differences?

• Do trees impact O3 concentration?

• How much traffic does it take on a roadway 
to impact O3 concentration?

• Does local industry impact O3 concentration?



How do we design an experiment?
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O3 in Riverside during the summer 2015

D7, Rubidoux AQMS colocation

spatial scale from 1 to 10 km



Sadighi, K, Coffey, E, Polidori, A, Feenstra, B, Lv, Q, Henze, D, Hannigan, MP.  Intra-urban spatial variability of surface ozone in 
Riverside, CA: viability and validation of low-cost sensors, Atmos. Meas. Tech., 11, 1777–1792, 2018 
.

D7 stayed at Rubidoux SCAQMD site
D3 was in an industrial park
DC was closest to Highway 91
DA was in a commercial zone



Since O3 has a nice daily cycle, we should look 
at the data thru the time of day lens …

Data from DA, located at Commercial Zone 1, plotted against D7 
(Rubidoux). Each scatterplot represents 4 h of the day, with the black 
data representing the complete deployment dataset (all hours). The 
black line is a 1 : 1 line.

Distributions of medians of absolute differences between all pairs 
of pods for each hour of the day. Whiskers show 95 % intervals. 
The black line connects the medians of the deployment. The “all” 
category includes all hours of the day. 



O3 in and around Boulder during summer 2015
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South Boulder Creek & CU campus

spatial scale from 10 m to 10 km

Cheadle
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Ozone at Open Space and Urban Sites in Boulder, Colorado Using Low-Cost Sensor Technology , Sensors, 17, 2072, 2017.
.
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Differencesin thehourly ozoneobserved at each sitecan beseen in Figure3, however it isnot

clear from this plot if the intra-site ozone differences were due to measurement error or if real spatial

variability wasbeing observed on micro intra-open spaceand intra-urban scales. Figure4showsthe

differencesbetween all SBCUPods, asboxplotsbinned by hour of theday. Theboxplotsincludethe

validation data, thedeployment data, and themedian differencesof thecalibration data, showing that

theUPodsmeasured smaller differencesduring thecollocation period than during thedeployment

period. Thered boxplotsof thevalidation dataset represent theexpected intrinsicdisagreement among

theUPodsthat can beattributed touncertainty. Theblack median linerepresentsdisagreement among

the UPods during the calibration model generation period, which matches nicely with the validation

dataset disagreement. Thevalidation and calibration differencesweregreatest in magnitudein the

Figure 4. Differencesbetween all SBCUPodsbinned by hour, with differencesdisplayed asabsolute

ppb. (a) includes theboxplot of thedifferencesduring thedatavalidation period (red outlined boxes),

and themedian differencesof thecalibration data(solid black line). (b) includes theboxplot of the

differencesduring thedeployment (blueoutlined boxes), and themedian differencesof thecalibration

data(solid black line). Whisker lines(red and blue) encompass1.5timestheinterquartilerange(IQR),

and outliers(red and bluecrosses) indicatedatapointslyingoutside1.5timestheIQRof thevalidation

and deployment data, respectively.

Figure 5 shows the hourly difference boxplot for the campus UPods, although without the

validation dataset sincethat wasonly collected for theSBCUPods. Themagnitudesof thedifferences

between thecampusUPodsweregreater than theSBCUPods, with amaximum median difference

of 11ppb for thecampusUPods, compared to6ppb for theSBCUPods. Therearemultiplefactors

that could have led to larger differences between campus UPods than SBC UPods. The campus

UPodswerein amoreurban environment with potentially morepoint sourceemissions, they had

larger separation distancesthan theSBCUPods, and they differed slightly in altitude(seeTable1).

Additionally, they may haveexperienced moredifferencesin shadeand temperaturedueto thenearby

buildings. For all hoursof theday, themedian differencesbetween campusUPodswerewell above

co-located spread out, 10 -100m

Still observe diurnal differences at South
Boulder Creek on scale of 10s of meters



Depending on site and time averaging, O3

statistics can be different



Back to SoCal (South LA) during summer 2017
spatial scale from a building to 0.5 km

Collier-Oxandale, A, Coffey, E, Thorson, J, Johnston, J, Hannigan, MP. Comparing Building and Neighborhood-Scale Variability of 
CO2 and O3 to Inform Deployment Considerations for Low-Cost Sensor System Use, Sensors, 18, 1349, 2018.
.



Sensors can see neighborhood scale variability



Can sensors see building scale spatial variability?
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Figure 4. Scatter plots showing each neighborhood Y-Pod (N1, and N2) vs. Y-Pod B1 for Weeks 0 and

2. The boxplots show the absolute differences between B1 and each of the neighborhood pods, with

the whiskers at the 5th and 95th percentile respectively. The ozone sensor for N3 malfunctioned and

the data was not included.

3.3. Building-Scale Variability

Somewhat surprisingly spatial variability was also observed at thebuilding-level for both sensor

types when comparing Week 1 (co-located at the building) and Week 2 (deployed). For CO2, there

was a decrease in the correlations on the same scale as occurred across some of the neighborhood

sites (Figure 5). For O3, again there are no significant changes to the statistics, but there is an increase

in spread (Figure 6), similar to Figure 4. The time series (Appendix B) showed the events driving

these differences were short-term in nature and appeared to be driven by local emissions or

transported plumes. This influence of nearby emissions events was observed by Miskell and

colleagues as well [10].

Figure 5. The scatter plots to the left show the correlation between Y-Pod B1 and each of the added

building Y-Pods (B2, B3, B4, and B5) for both minute (M ) and hourly (H) CO2 data for Week 1 (co-

located). The scatter plots to the right show thesamecorrelations, again with minute and hourly data,

but for Week 2.
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Figure 6. The scatter plots to the left show the correlation between Y-Pod B1 and each of the added

building Y-Pods (B2, B3, B4, and B5) for both minute (M) and hourly (H) O3 data for Week 1 (co-

located). The scatter plots to the right show thesamecorrelations, again with minute and hourly data,

for Week 2 when they were spatially deployed around the building site.

Hourly-averaged data was added to both Figures 5 and 6 to determine whether this spatial

variability impacted data on more typical temporal reporting scales. Similar to M iskell and

colleagues, the variability does not seem to impact the hourly O3 data [10]. However, given the

decreased correlation coefficients (particularly for sites B2 and B5), it appears there was some

variability still present in the hourly-averaged CO2 data.

For both pollutants, themost dramatic differences werebetween sitesB1 and B4/B5, thetwo sites

at the back of the building. Speaking with community partners from the project we determined that

the building has both a natural gas hot water heater and natural gas dryers toward the back of the

building wheretherearealso pipes that appear to beventing theseemissions. Sourceson thebuilding

would seem to explain the large magnitude of the observed variability. By comparison, for the sites

B2 and B3, which were on the front of the building above the road, there were occasional increasing

spikes for CO2 and decreasing spikes for O3 that are smaller in magnitude. The range of responses

observed in the sensors, along with this contextual information affirms that multiple pollutant

sources were impacting thebuilding in an uneven manner.

Providing further evidence for multiple sources, Figure 7 includes the absolute differences

between Y-Pod B1 and B5 for CO2 (in blue) and O3 (in red). There are periods where the differences

between CO2 and O3 were well-correlated indicating a shared source. Following this period were

instances where the differences were primarily visible in one pollutant or the other. This lack of

correlation likely indicatestwo separatesources, onewith relatively moreCO2 and another with more

NO. Furthermore, there weremany instances where these differences between the two building sites

were well above the RMSE values. In Figure A6 (Appendix B) the spatial differences have been

plotted in such a way as to highlight the temporal aspect of both the increases in CO2 and decreases

in O3 at the B5 site. The correlation between differences in CO2 and O3 occur primarily in the evening

hours, while the uncorrelated periods result in enhancements during early morning and daytime

hours. These temporal patterns also point to separate sources influencing the sensor data.

building Y-Pods (B2, B3, B4, and B5) for both minute (M) and hourly (H) O3 data for Week 1 (co-located).

The scatter plots to the right show the same correlations, again with minute and hourly data, for Week

2 when they were spatially deployed around the building site.

Hourly-averaged data was added to both Figures 5 and 6 to determine whether this spatial

variability impacted data on more typical temporal reporting scales. Similar to Miskell and colleagues,

the variability does not seem to impact the hourly O3 data [10]. However, given the decreased

correlation coefficients (particularly for sites B2 and B5), it appears there was some variability still

present in the hourly-averaged CO2 data.

For both pollutants, the most dramatic differences were between sites B1 and B4/ B5, the two sites

at the back of the building. Speaking with community partners from the project we determined that

the building has both a natural gas hot water heater and natural gas dryers toward the back of the



What’s driving this small scale variability?

✓ Temperature at the sensor
✓Very close sources
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