Opportunistic Mobile Air Quality Mapping Using Service Fleet Vehicles:

from point clouds to actionable insights
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GOAL

AIM: “Collection of real-time fine-grained air quality data to gain more insight in urban air pollution exposure”

Solution: Kunak Air Mobile (https://www.kunak.es/en/) KHQYGMK
* Alphasense : NO,, 0O; & PM
* LTE-M
* GPS
* Dedicated housing: Laminar flow/avoid turbulence

Deployment 20 sensors in Antwerp (Belgium)
* Postal service: “at every doorstep”
* 6V power supply via wiring vans
* Monitoring resolution day (10 sec) + night (5 min)

Study:

* Co-location calibration & validation: Jan-Feb, 2021
* Data collection: March-Sept, 2021

https://www.imeccityofthings.be/en/projecten/bel-air
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https://www.kunak.es/en/
https://www.imeccityofthings.be/en/projecten/bel-air

CALIBRATION & VALIDATION



SENSOR CALIBRATION & VALIDATION

= Device property algorithm
* Compensation temp/RH
e Cross-sensitivity NO2-03
* mV = ppb or ug/m?3 conversion

= |ocal calibration
* PM composition/environmental conditions
* Co-location AQMS
* Baseline/span calibration NO,
* Mass factor (slope) correction PM

= All sensor co-located at AQMS (R817, VMM)
* 3in fixed shields
e 17 in mobile enclosure
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‘ LOCAL CALIBRATION

Calibration in 4 batches of 5 sensors
e Within fixed shields
* 1 week: calibration (training)
* 1 week validation

Overall good performance for NO,
* Accuracy
* Precision
* Supplementary/Class 1 (<25%) at
hourly level
Moderate performance PM

* Supplementary/Class 1 (<50%) at
daily level
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MOBILE DEPLOYMENT



SENSOR DEPLOYMENT

= All sensor batches deployed between Jan and March.
* 17 deployed on vans
* 3 remained co-located with R817 (validation)

= Opportunistic data collection: March - Sept 2021

= Temporal monitoring coverage (Jan-Sept)
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‘ SENSOR DATA

= NO, ~ SENSORS

Dev
s w1 =
s w0
05 - oA MEC 11 Te+06 -
~ KA NET 2
= NO, ~ SPEED s
KA WEC 14
KA HEC 1 € Moving
® [ 3 MOVING
. . H AN EC 1T S
n . A G 2 ||| sTamonary
peration time: e
. KA EC 4 5e+05 -
- KA MEC §
o . [P
e 92.7% d=0 wanwecT
.7% stationary (speed= e
[
e 7.3% movi d>0
.3% moving (speed >
0e+00~
e i 0 i i 0
e K o Y e 25 0.0 25 50 75
i
0 6 12 18 23 0 6 12 18 23 0 6 12 18 23 ) ) ) o ? 1I2 ‘IB 22 ) . ) o ? ‘IZ 1f 23 . ) o : 12 “B 23 )
L T R L1 L1 L1 L -
oy T T, Friday S T & Monday Tuesday Thursday Friday Saturday Sunday
6 o £ 7 [
o 90 =
=
. L s 25 -
= 20 =
2 L % 15 L
S 10 -
s L
oL s : — — S 1 L I e e I I e e T
0o 6 12 18 23 o 6 12 18 23 o 6 12 18 23 0 6 12 18 23 o & 12 18 23 o & 12 18 28 o & 12 18 2 o 6 12 18 2
hour (h) hour (h)
B seeec I no:
| L N T T Y Y N S B L L L t + t —
a0 - L
25 o 20 4 L 7 2 25 F
39 r E 55| - £
o @
T 20 r - = =
; ; e [ S 20 s
24 - £ 15 = = = T r = - -
3 FIRES E E®
7 ™ =3 1=
2 104 = 4 g 15 - 3
a 2 2 e
14 r 05 L o I=3
05 4 L S | O s L
0 o 00 F 00 o T T T LA s s s S s e e
r T ! [ re T T ° 6 12 18 23 JFMAMUJ JASOND
0 6 12 18 2 JFMAMJJASOND Mon Tue Wed Thu Fri Sat Sun
hour (h month
hour (h) menth weekday ™

mean and 85% confidence interval in mean

mean and 95% confidence interval in mean



h SPATIAL AGGREGATION ‘

= Spatial aggregation datapoints into street segment buffers (10m radius)
e Count/Min/25%/Mean/Median/75%/Max




‘ POLLUTANTS
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REPRESENTATIVITY



SPATIOTEMPORAL REPRESENTATIVITY

* 10 sec measurements in both space & time: representative?

e Solutions:

* Subsampling analysis to determine required coverage threshold

Van den Bossche et al. 2016 https://lib.ugent.be/catalog/rug01:002300079
Apte et al. 2017 https://pubs.acs.org/doi/10.1021/acs.est.7b00891
Chen et al. 2022 https://doi.org/10.1016/j.atmosenv.2022.118936
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 Air Quality Inference in space-time based on machine learning models

Do et al. 2020 https://doi.org/10.1109/J10T.2020.2999446
Xuening et al. 2021 https://doi.org/10.1145/3461353.3461370

Environmental Modelling and Software 149 (2022) 105306

Numbers of runs included Number of runs needed for convergence

Contents lists available at ScienceDirect

Paliwal et al 2021 https://www.youtube.com/watch?v=9yjaScDqINE
Hofman et al. 2022 https://doi.org/10.1016/j.envsoft.2022.105306

ELSEVIER journal www.elsevier.

Environmental Modelling and Software
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CONCLUSIONS




h CONCLUSIONS

Mobile AQ sensors are able to generate actionable results

Proper calibration & validation is needed to determine their potential & quantify
associated uncertainty for each pollutant (interpretation)
* NO2>PM, impact housing

Data Aggregation Tools: point clouds = AQ maps

Comprehensive AQ maps:
* Coverage thresholds/subsampling analysis
e AQ inference models
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