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Methodology behind Air Quality Forecasting

Data input Artificial neural network prediction

Past 7 days (hourly grid):

* Can predict concentration of air pollutants
(PM2.5, PM10 and NOy)

* High accuracy

Historic air pollution data

Weather data

*  Humidity

«  Solarirradiation * Patterns are averaged values per hour
Cloud cover
Temperature

Wind speed/direction

Recurring events (e.g. Holidays,
Now

Christmas, Eastern, ...)
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Data Output

* 5-day air quality forecast (hourly grid)
* Short-term mitigation measures -
CyAM (City Air Management)

History Forecas
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Modelling Open Dynamical Systems using RNNSs:
Inconsistencies between Past and Future Modeling

a
S, = tanh(Ast_l + But) state transition
5= (s, S y, =Cs, output equation
yt = 9(st) .
d - . . ;
— identification
ol 2y, =¥'J > min

Finite unfolding in time transforms time into
a spatial architecture.

The analysis of open systems with RNNs
allows a decomposition of the autonomous
& external driven part

Long-term predictability depends
on a strong autonomous subsystem
(Matrix A)

\ \ \
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\~t+il \i+il \:+§l
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From Closed Dynamical Systems to Historical Consistent Neural
Networks (HCNN)

S, = Atanh(st_l) . So state transition

Yi = [ld,O]st output equation
T
d Y - A
Z(yt —Yi ) —> Min identification

t=1 Ao

The model is unfolded along history — only 1 training example

A

We can only @bserve a
fragment of t(#?world [1d,0] [1d.0] [1d,0] [1d,0] [1d,0]

Source: Salvador Dali, 1925

... but to understand the dynamics of the observables, we have to reconstruct at least a part of the
hidden states of the world. - Forecasting is based on observables and hidden states.
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http://www.google.de/imgres?q=dali+fenster&num=10&hl=de&gbv=2&biw=1019&bih=719&tbm=isch&tbnid=haNNqFkuuLEolM:&imgrefurl=http://de.artquid.com/artwork/191354/das-madchen-am-fenster-kopie-aus-s-dali.html&docid=sajJnvD6HD2V8M&imgurl=http://s0.artquid.fr/art/2/235/191354.1025716708.1.o604433127.jpg&w=1119&h=1600&ei=Y5urT8LWK47EsgaH6pnFDw&zoom=1&iact=hc&vpx=103&vpy=296&dur=3091&hovh=269&hovw=188&tx=110&ty=148&sig=107612897020832670239&sqi=2&page=1&tbnh=162&tbnw=116&start=0&ndsp=15&ved=1t:429,r:5,s:0,i:80

|ldentification of Dynamical Systems: The Role of Observations

Embed the original architecture into a larger architecture, which is easier to learn. After the training,
the extended architecture has to converge to the original model.

@) @

1-1d Id Id -Id

tar t tar
A _Id A Id A —_ A A A

[1d,0] 0} [1d,0] 0} [1d,0] } [1d,0]

Sjelcieroiat

‘ » The essential task is NOT to reproduce the past observations, but to identify related
hidden variables, which make the dynamics of the observables reasonable.

= Use an architectural teacher- forcing (ATF) to support the learning of the HCNN. Replace
expectations Y, by observations y': r'™ =y —(y, - y )=y’

» The state flow decomposes in 1) known observables, 2) reconstructed hidden variables and 3)
unidentifiable random variables, which act as a net-internal regularization.
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System Identification Including Future Information

Here we assume that we have future information (e.g. weather forecasts) which can be used along
the whole unfolding of the network. In this design a second matrix B has to be learned.
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The internalization of Externals

-Id -Id
tar
)
o]\,
@ S, St_}'d

As above the computation of the dynamics always uses the exact measurements of the externals
(e.g. weather) but it may be able to reconstruct unobserved hidden variables in the externals x.

In addition, in the above design missing values of the externals can be corrected by the model.
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Results HCNN + Trivial interpolation of missing data

Error in PM10 at hour t=+5

10.0 : : :
—— HCNN : L : T
1 1 1
—— HCNN+Miss.Data ! ! !
951 — HCNN+LSTM i i i
—— HCNN+LSTM+Miss.Data 1 : :
9.0 i ! |
i i i
: i i i
- 52 T | T | |
" 1 H 1 !
E : : : J
~ 1 1 o 1
g oo | | |
1 1 1
- 1 1 1
T | |
75 ! ! !
1 1 1
1 1 1
: : :
7.0 i i i
i i i
1 1 1
1 1 1
1 1 1
6.5 | i i
l l l ,
1h 2h 5h 10h

Hours of missing data
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Modeling including Future Information and Missing Information

Here for all input vectors we have 0/1-masks, indicating which elements of the inputs are known.

@@@@

] -ld 1d 1 1d
@ :;:'; :::z: DI
[1d,0] ‘ a1 | \, [1d.07| | s ll (d.07|

S
Slelcle o

[0,1d]] {_0 } 0. 1d]
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Results HCNN + Model based handling of Missing Data

Error in PM10 at hour t=+4+5

10.0
—— HCNN . T
—— HCNN+Miss.Data

931 —— HCNN+LSTM
—— HCNN+LSTM+Miss.Data

9.0

8.5 — T

8.0

7.5

7.0

6.5

[ng/m?]
—
|
}7
_|

1h 2h 5h 10h
Hours of missing data
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Function & Structure: Long Memory, Different Time Scales &
Sparse Neural Nets

To avoid numerical explosions, large recurrent
systems cannot be fully connected.

Backpropagation is able to learn systems with around
50 nonzero weights per column.

memory

conservation
of information

Computation

superp:osition i Sparsity ~
of information di m(A)

St v

B Structure & Function: Sparsity is not only a necessary
condition for large systems, it describes a tradeoff
between memory and computational power.

———

A random sparse matrix A allows the modeling of

dynamical systems on different time scales.
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Different Versions of LSTM Formulations for HCNNs

: : An LSTM Formulation for HCNNs
St = SWltChl (U) - St,—l + SWltCh2 (U) . Atanh(St'_l) compare Hochreiter, Schmidhuber: Long short-term memory

in Neural Computation, 1997

An exponential smoothing embedding of an HCNN with a diagonal matrix D improves long memor
analog to LSTM. Choose 0 < D,; <1 start with D; =1, notation: s/ = Teacher Forcing(s:s

s;=(1-D) s/, +DAtanh(s/ ;) = s/, +D(Atanh(s,)—s,)
But is this feature really necessary if we use large sparse state transition matrices?

Leave the decision among
LSTM and SPARSITY to
the learning of a HCNN

265

X,
&

$

leights: 300
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Modeling including Future Infomation and LSTM

-Id -Id
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As above the computation of the dynamics always uses the exact measurements of the externals
(e.g. weather) but it may be able to reconstruct unobserved hidden variables in the externals x.

In addition, in the above design missing values of the externals can be corrected by the model.
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Results HCNN + LSTM (long-short term memory)

Error in PM10 at hour t=+5

10.0
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HCNN including Future Information + Missing Data + LSTM

Here for all input vectors we have 0/1-masks, indicating which elements of the inputs are known.
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Results HCNN + LSTM + Model based handling of Missing Data

Error in PM10 at hour t=+4+5
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Predictive Analytics can be used for Air Quality Forecast to

Improve the Living Quality in Cities (CyAM: City Air Management)

| | Temporary Driving Ban for Diesel (XD
I_’l I_’l H Cars

26.09 ug/m?3 3.84 pg/m3 busses

Savings 4.27 pgim? Savings 0.13 pg/m? Savings n.a. pg/m?

No. of exceedances / allowed per year 0or18 No. of exceedances [ allowed per year 9/35
) . ) \ Annual @ estimated n.a. pg/m3 Temporary Low Emission Zone @XIP
Annual @ estimated 44 pg/m Annual @ estimated 17 pg/m for Diesel Cars
|
Environmentally-Conscious [ Add ]
Wednesday, June 12, 2019, 7:00 PM Traffic Management
M Traffic management considers air pollution
7AM 8AM AM 10 AM 11 AM 12 P 1P 2P I 4PM 5PM &PM TPM a8PM IPM 10 PM 11 P 12 AM 1AM 2AM FAM 4 AM 5AM &AM 7AM Teterin

Source: https://cyam.siemens.cloud
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