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World capital city ranking

Arranged by annual average PM2.5 concentration (pg/m?)

Motivations

Pollution has a devastating effect in
our lives for those living in big

cities.

The threshold for triggering alerts in
Mexico City change every few years

e more relaxed than the current
acceptable levels set by the

WHO
e after 264 days of 2021, the city

had reported just the 65% of
days as "clean"
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3.

. Ulaanbaatar, Mongolia (46.6)
4. Kabul, Afghanistan (46.5)
5. Doha, Qatar (44.3)
6. Bishkek, Kyrgyzstan (43.5)
7. Sarajevo, Bosnia & Herzegovina (42.5)
8. Manama, Bahrain (39.7)
9. Jakarta, Indonesia (39.6)
10. Kathmandu, Nepal (39.2)
11. Islamabad, Pakistan (39.0)
12. Hanoi, Vietnam (37.9)
13. Bamako, Mali (37.9)
14. Beijing, China (37.5)
15. Kuwait City, Kuwait (34.0)
16. Dushanbe, Tajikistan (30.9)
17. Skopje, North Macedonia (30.6)
18. Tashkent, Uzbekistan (29.9)
19. Tehran, Iran (29.0)
20. Sofia, Bulgaria (27.5)
21. Accra, Ghana (26.9)
22. Kampala, Uganda (26.1)
23. Yerevan, Armenia (24.9)
24. Belgrade, Serbia (24.3)
25. Abu Dhabi, United Arab Emirates (23.9)
26. Santiago, Chile (23.6)
27. Riyadh, Saudi Arabia (23.3)
28. Vientiane, Laos (22.4)
29. Colombo, Sri Lanka (22.4)
30. Nur-Sultan, Kazakhstan (21.9)
31. Abidjan, Ivory Coast (21.9)
32. Phnom Penh, Cambodia (21.1)
33. Seoul, South Korea (20.9)
34. Antananarivo, Madagascar (20.7)
35. Bangkok, Thailand (20.6)
36. Thilisi, Georgia (20.4)
37. Algiers, Algeria (20.2)
38. Pristina, Kosovo (20.0)
39. Kyiv, Ukraine (19.2)
40. Mexico City, Mexico (18.8)
41. Ankara, Turkery (18.5)
42. Lima, Peru (18.0)
43. Macao, Macao SAR (17.8)
44. Athens, Greece (17.7)
45.Tel Aviv-Yafo, Israel (17.2)
46. Ashgabat, Turkmenistan (17.0)

WHO PM2.5 Target

World air quality
report 2020 from QAir

47. Warsaw, Poland (16.7)
48. Kuala Lumpur, Malaysia (16.5)
49. Canberra, Australia (16.4)
50. Tirana, Albania (16.0)
51. Bucharest, Romania (15.5)
52. Nicosia, Cyprus (15.5)
53. Hong Kong, Hong Kong SAR (15.4)
54. Nairobi, Kenya (14.7)
55. Addis Ababa, Ethiopia (14.7)
56. Bogota, Colombia (14.3)
57. Buenos Aires, Argentina (14.2)
58. Bratislava, Slovakia (14.2)
59. Budapest, Hungary (13.8)
60. Rome, Italy (13.6)
61. Vilnius, Lithuania (13.4)
62. Metro Manila, Philippines (13.1)
63. Luanda, Angola (13.0)
64. Taipei, Taiwan (12.6)
65. Paris, France (12.2)
66. Singapore, Singapore (11.8)
67. Berlin, Germany (11.8)
68. Riga, Latvia (11.3)
69. Vienna, Austria (11.0)
70. Prauge, Czech Republic (10.9)
71. Moscow, Russia (10.5)
72. Tokyo, Japan (10.1)
73. Amsterdam, Netherlands (9.9)
74. London, United Kingdom (9.6)
75. Copenhagen, Denmark (9.4)
76. Bern, Switzerland (9.4)
77. Brussels, Belgium (9.3)
78. Lisbon, Portugal (9.1)
79. Madrid, Spain (9.0)
80. Luxembourg, Luxembourg (8.7)
81. Dublin, Ireland (8.6)
82. Cape Town, South Africa (8.0)
83. Quito, Ecuador (7.6)
84. Washington DC, USA (7.4)
85. Ottawa, Canada (7.3)
86. Reykjavik, Iceland (7.2)
87. Oslo, Norway (6.4)
88. Tallinn, Estonia (6.2)
89. Wellington City, New Zealand (6.0)
90. Helsinki, Finland (5.2)
91. Stockholm, Sweden (5.1)
92. Charlotte Amalie, U.S. Virgin Islands (3.8)

WHO PM2.5 Target
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Motivations
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“Smart cities” can gather an enormous amount of data to help them improve the
situation

Big data capabilities being built in many contexts allow to store, clean, and analyse
these data.

Data can be analysed and with statistical modelling and machine learning we can
learn behaviours and obtain predictions

“Smart cities” can imagine solutions and empower society to act, citizens and
governments

Most data sets can come directly from the citizens themselves: traffic for example
Basic data: traffic data from google is free to download (up to some level)

SAPIENS: can we use the basic free level of traffic data to learn about pollution?



Data
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Pollution data: CDMX Data Agency provides pollution data in terms of:

e 27 stations, levels of 9 pollutants recorded every hour
 Data Agency provides a clean set of data after 3 months of being taken

Traffic data: basic google images which are free and available
instantaneously

* Downloaded in the SAPIENS database 3 times per hour.

e Traffic information google images of the 10 km2 map around each of
the sensors are downloaded.



Data processing

Pollution data: need an extra clean-up to remove outliers and to check
the number of effective measurements for each sensor/station:

Lots of sensors have very few data points

Identified 3 sensors with high number of measurements for each
pollutant

The data from these 3 sensors are used in our modelling analysis
The other sensors with a minimum of measurements to be used
for validation

Traffic data: images are translated into traffic intensity measurements
based on concentric circles around the sensor position

Information in terms of thickness of traffic colour-labelled lines or
line segments: e.g. a wider street labelled orange is likely to have
adifferent contribution than a narrower street labeled by the
same traffic colour

Count pixels of traffic colors to quantify traffic flow or volume.
take other non-traffic pixels into consideration: if a station is
located far from streets, the traffic intensity surrounding should be
lower as those non-traffic pixels are not producing or “emitting”
pollutants.
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SMART AIR POLLUTION INFORMATION ENABLING NEW SOLUTIONS

id_station_id | Null all Day | Null of 6 to 20 hrs
MER 489 170
CAM 962 485
PED 1541 779
IMP 2136 1246
TLA 2586 1391
ARA 4272 2492
LVI 4272 2492
VAL 4272 2492
SAG 7901 4607
SFE 10246 5990

Air quality monitoring

station location \

N

NNE

NE

i For each sector, Traffic Intensity
Lt = HTraffic Pixels/#Total Pixels
i Traffic Pixels counting example:
¥ ENE Green=1, Orange=2, Red=3,
[ Brown=4
\l/ \ ey (other conventions are possible)
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Pollutant Data Analysis
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List of pollutants:

e PMI10: particulate matter with 10 ym or less in aerodynamic diameter (ug/ms3)

e PMZ2.5: particulate matter with 2.5 pm or less in aerodynamic diameter (ug/ms3)

e PMCO: particulate matter with aerodynamic diameters between 2.5 and 10 ym(ug/ms3)
e SO2: Sulfur Dioxide (ppb)

e (3: Ozone (ppb)

e (CO: Carbon Monoxide (ppm)

e NO2: Nitrogen Dioxide (ppb)

e NO: Nitrogen Monoxide (ppb) Hg/m3 = micrograms per cubic metre
e NOX: Nitrogen Oxides (ppb) ppb = parts per billion

ppm = parts per million



Pollutant Data Analysis SAPIENSY

SMART AIR POLLUTION INFORMATION ENABLING NEW SOLUTIONS
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Pollutant Data Analysis

a0

pg/m’ pg/m* pg/m* ppb  ppb  ppm

ppb _ ppb  ppb
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tation TLA

N
PM10 PM25 PMCO SO2

03

CO NO2

NO NOX
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Average measurements for
each pollutant and for
each station used.

Error bars are the RMS of
the pollutant distributions.

Units differ depending on
the pollutant considered.

Hg/m3 = micrograms per cubic metre; ppb = parts per billion; ppm = parts per million 8



PMyy

PMeo PMys

NOy €O Oy S0,

NO

NOy

Pollutant Data Analysis m
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Linear correlation
coefficients

L.00

B I I ) Correlation between pollutants:

31 011 034 035 013 025

Red colours: positive corr.

. 0.2 . 0033 0.5 0.087 0.082 -0.054 0.001 - 050 Blue colours: negative corr.
031 0.033 0092 007 019 O 025 Two groups:
017 011 015 -0.092 044 o 049 - 0.00 1: {PM10, PM25, PMCO}
2:{CO, NO2, NO, NOX}
025 034 0.087 079 | 067 0o
O3 anticorrelated with group 2
026 035 0082 019 | (MR 0.82 .

SO2 uncorrelated with the
~0.75 others

0.036 013 -0.054 0.67 0.9
0.14 025 0.000 013 0.81

PMy PMss PMep 505 O3 €O NOy NO NOx

—1.00



Pollutant Data Analysis
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Check modulations during the day in the pollution measurements
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Pollutants in correlated groups with their absolute measurements.
Average measurements shown for each hour of the day.
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Average Measurements

Pollutant Data Analysis

NNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNN

Check modulations during the day in the pollution measurements
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Adding anti-correlated O3

Pollutants in correlated groups with their absolute measurements.
Average measurements shown for each hour of the day.
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Pollutant Data Analysis
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Check modulations during the day in the pollution measurements
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Pollutants in correlated groups:
here normalised distributions for shape comparison.
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Traffic Intensity Model

NNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNN

Google Maps images with traffic layer/colouring: green, orange, red, dark red
% of coloured pixels in annular sectors -> traffic intensity; physical density “field”

Dimension reduction
from HD image 1920x1080:

(4 colours)x(16 angles)x(118 rings) -
Or aggregating the angles: ANA
(4 colours)x(118 rings)

Only 23 rings in this plot
118 rings shown in the next page

7 =" T North | 7 /For each ':ermr Traffic Inton sity’
i # of Traffic-colored Pixels
— I~ i # of Total Pixels L
Nw 1 o ,Li S N s Example of Tr. ].fﬁt L()lol.(_d
S S T = Oooon . |Pixels counting with weights: |
Air quality monitoring — Vf? < o 1 ./ Green:l/, Exdens2 Red=3,
station location [ AN e ) =]
\ A S0 1y \(other conventions are possible)
I \ \ L
L iy 3
. / / s /o I
v LAY %L i
O N e et S I,
y—\ — 13




LING NEW SOLUTIONS

SMART AIR POLLUTION INFORMATION ENABI

Traffic Intensity Model
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Regression Modeling: data matrices

NNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNN

Spatio-Temporal Data Matrices X (traffic predictors; centered as Xy with 0 mean &
rescaled with Var=1) and Y (pollutants responses; centered & rescaled as Yy):

prodictor variables (spatial) response variahles (spatial)
1st predictor p-th predictor co NO2
1st obs i —_— XO(L:) - | i - YE}U) -
oty | Xo(u1) - X(cemteredas Xo) - Xo(1p) Yo(:1) - Y(centered as¥p) - Yolm=9)
n~-th obs. L - XC‘(”’! :) - - - ‘I} (ﬂ” :)

where p = (4 colors)X (118 rings) (or (4 colors)X(16 angles)x (118 rings)) traffic predictor
variables, m = 9 pollutant response variables;

n olgserv)ations, depending on station/sensor (each has different # of missing/null
readings

15



Regression Modeling: PLSR
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Purpose of our modeling is two-fold:

: : : . ... _ mapping
(1) (interpretations) get traffic activities ——— pollutant

concentrations, and reveal insight on their detailed relations, and

(2) (predictions) predict pollutant concentrations based on traffic
activities.

Most black-box machine learning technigues are good at (2) only;
Partial least squares (PLS) regression formulation:

T
Xo = Xs X + Xresiduals

T
Yo =YY, +Yresiduals



Xo
Yy

ohservations (temporal)

abservations (temporal)

obscrvations (temporal)

YSYLT +

Regression Modeling: PLSR

T
XsX + Xresiduals

Y residuals

FPLE components/modes number

predictor variables (spatial)

1st obs.

ohbservations (temporal)

n-th obs.

1st predictor p-th predictor

Xo(1,)

Xo(:, 1) X (centered as Xg) Xo(:,p)

Xu(."-: )

predictor variables (spatial)

st obs.

n-th obs.

1st PLS comp.

X5(1!:)

Xs (X scores)

Xg(n,:)

variables (apatial)

Neomp-th PLS comp.

XS(:: ”c:(:mp)

Ist PLS comp.

Neomp-th comp.

18t predictor p-th predictor

X7(1,:)

XF (X loading)

X (p)

JYI (”-comp 4t }

NOZ
1st obs. —_— Yo(l.:) —_—
Yo(:, 1) -+ Y (centered as Yp) - Yolup) | T
n-th obs ‘ —_— Yoln,:) — ‘
PLS components/modes number rezponse variables (sparial)
Ist PLS comp. feomp-th PLS comp. O NO2
1st abs. e }’Vt,'(]., Z) _ 1st PLS comp. _ }"Ll (1, Z) _
Yo(:, 1) Ys (Y scores) Ys(:, fteamp) Yy o Y (Y loading) Y,'(:,m)
T
n-th obs. ‘ —_— ‘!'js(‘ﬂ,, :) —_— Teomp-th comp. ‘ — FIL {nmmp: :) _—
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PLS Regression and geometric interpretation

H(YO) c Rm

Yo(:,1) (e.g, PMy5)

pixelsin 15t

1st observation

annular sector)

NNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNN



Interpretations and Insight from PLS Regression Modeling

1st PLS component has physically meaningful interpretation:

Station: CAM, Monday To Friday
PLS Component 1's Weights of Colored Pixels

1074 Percentages in 118 Concentric Rings Weights of Pollutants in Response Scores Ys of PLS Component 1 PLS Component 1 Predictor Scores Xs and Response Scores Ys
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Interpretations apd Insight from PLS Reqgression Modeling
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PLS Regression Modeling
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Interpretations and Insight from PLS
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Regression Modeling

PLS Component 1's Weights of Colored Pixels
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PLSR Modeling and Prediction Performance \—/\\7

NNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNN

In actual model fitting, a (p predictors)-by-(m responses) coefficients matrix
Breom, IS fitted in least squares sense for

T T
Yo = XsX| ,Bncomp
using truncated n,,, PLS components, and XSXLI- and YSYLT are
“reconstruction” of Xy and Y

Spatial dimension in X, reduced from p to n.,mp, effectively fitting Yo= X
(a “partial” least-square)

Ncomp Can be fixed by cross-validation to minimize the expected mean-
2
squared errors (MSE) (YO — YSYLT)

(a preliminary result on next page)
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(all 9 pollutant response variables are centered to 0 mean with rescaled Var=1)

Station: 3 Stations Combined, Monday to Friday Station: 3 Stations Combined, Monday to Friday

n = 472 PLS components required to explain 47.0% of variance in Y n = 472 PLS components required to explain 47.0% of variance in Y

size(X) = [2090, 472], min(size(X,1)-1, size(X,2)) = 472; % ~ 100.0% size(X) = [2090, 472], min(size(X,1)-1, size(X,2)) = 472; % ~ 100.0%
Eslt(ilrﬁlated Mean Squared Prediction Errors in Y using 10-fold Cross—Validﬁtjion Ei%(t]},]mated Mean Squared Prediction Errors in Y using 5-fold Cross—Validalt(i]on
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SAPIENS has built a database with both pollution measurements and traffic
images, so we have:

* C(Cleaned and analysed the data and identified patterns

* Developed a model to extract the traffic intensities from Google Map
images

Used the regression modeling to (1) obtain interpretable insights on the
relation between traffic and pollutants; and (2) train it on the data from

three stations (traffic and pollution data) and cross-validated it to avoid
overfitting

On-going activities:

* Validation/testing phase: use other sensors data to validate/test model
* Paperin preparation



Outlook and Conclusions

There are more ideas and more possibilities to exploit and learn from
these data.

More ideas on how to exploit the predicting power of the modeling

E.g., incorporating meteorological data, going beyond linear modeling
techniques, etc.

\/‘?’
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