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Kathmandu's Pollution Level at alarming levels.

Advisory: Avoid All Sports Activities, No Physical
Exercise (especially during morning), and Don't
leave home without a mask.
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Air Quality Trend in Kathmandu valley (24-hr average): May,
$ 9 J 2017 (Source : Quest Forum/MoPE Report, 2017)

Source: 2018 Mid-Year Pollution Index
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Building Pollution Profile of the City i%

Access
data &
and
A @, powerful analytics tools
from
client terminal &3
through
@ Internet.
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Bus Mount Sensor




Off-Road Data Collection




Pollution Sensor




Measures mm
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oo Weather _ML,_ Pollution
Temperature(C) Rain Rate(mm/h)

Humidity(%) Daily Rain(mm) Date Time
ABS Pressure(mmHg) Weekly Rain(mm) PM2.5

REL Pressure(mmHg) Monthly Rain(mm) cO2
Wind(km/h) Yearly Rain(mm) Formaldehyde
Gust(km/h) Solar Rad(lux) VOCs

Dew Point(C) UV(uW/cm2)
Wind Direction(deg) UVvI()
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Visualization Workflow for Air Pollution Data
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Preprocessing:

1. Remove low-quality columns

2. Replace missing values

3. Removing >0.8 Correlated columns: Outdoor Temp, Outdoor Humidity and
Daily Rain

4. Changing: Date to Hours of Day

Output: 25 down to 9 attributes

Indoor Temperat... | ABS Pressure(hpa) |Wind Direction(d... }Ruin Event{mm) Weekly Rain(mm) | Solar Rad(w/m2)

Numbd . Numbe: Numbe | Numbe: Numbe Numbe
19 20.300 17 14.100 870.200 107 0 0 0
19 20.300 17 14.100 870.200 107 0 0 0
19 20300 17 14.100 870.400 107 0 0 0
19 20.300 17 14.100 870.600 107 (] 0 0
19 20.300 17 14.100 870.400 107 0 0 0
19 20.300 17 14.100 870.500 107 0 0 0
19 20.300 17 14.100 870.700 107 0 0 0
19 20.300 17 14.100 870.600 107 0 0 0
19 20.300 17 14.100 870.100 107 0 0 0
19 20.300 17 14.100 870.200 107 0 0 0
19 20.200 17 14.100 870.200 107 ] 0 0
19 20.300 17 14.100 870.100 107 0 0 0
19 20300 17 14.100 870 107 0 0 0

5,385 rows - 9 columns (9 numerical
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Data Sample
Analysis



1. Clustering

k-Means - Summary

Number of Clusters: 2

Distance Measure: Squared Euclidean Distance
Average Cluster Distance: 4. 315
Davies-Bouldin Index: 1.018

Cluster 0 [ 2] Average Distance: 4821

Indoor Temperature(C) is on average 128.54% larger, Weekly Rain(mm) is on average 54.67% larger, Outdoor Temperature(C) is on average 46.44% larger

Cluster 1 Average Distance: 4291

Indoor Temperature(C) is on average 6.05% smaller, Weekly Rain(mm) is on average 2.57% smaller, Outdoor Temperature(C) is on average 2.19% smaller




x-Means - Summary

Number of Clusters: 4

Distance Measure: Euclidean Distance
Average Cluster Distance: 1.873
Davies-Bouldin Index: 0.743

Cluster 0 Average Distance: 2.244

Rain Event(mm) is on average 100.00% smaller, Weekly Rain(mm) is on average 53.47% larger, Wind Direction(deg) is on average 45.08% smaller

Cluster 1 877 Average Distance: 1.752

Weekly Rain(mm) is on average 96.94% smaller, Rain Event(mm)is on average 93.53% smaller, Indoor Temperature(C) is on average 49.34% smaller

Cluster 2 m Average Distance: 1.828

Rain Event(mm)is on average 172.51% larger, Weekly Rain(mm) is on average 43.71% larger, Dew Point(C) is on average 28.12% larger

Cluster 3 Average Distance: 1.504

Rain Event(mm)is on average 81.27% smaller, Weekly Rain(mm) is on average 69.63% smaller, Wind Direction(deg) is on average 69.55% larger




Regression Modelling for ABS Pressure (hPa) using other 5 columns as input

Generalized Linear Model - Predictions Chart
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DeeplLearning

MSE: 180.24547
RA2: 0.9558107

Mean residual deviance: 180.24547

Timestamp Duration Training Speed Epochs Iterations

2019-04-16 09:54:27 0.000 sec 0.00000
2019-04-16 0g:p4:27 0.170 sec 22594 rows/sec 1.00000

2019-04-16 09:54:27 0.332 sec 22833 rows/sec 2.00000
2019-04-16 09:54:27 0.494 sec 22969 rows/sec 3.00000
2019-04-16 09:54:27 0.654 sec 23161 rows/sec 4.00000
2019-04-16 09:54:27 0.813 sec 23244 rows/sec 5.00000
2019-04-16 09:54:28 0.971 sec 23328 rows/sec 6.00000
2019-04-16 09:54:28 1.128 sec 23413 rows/sec 7.00000
2019-04-16 09:54:28 1.286 sec 23476 rows/sec 8.00000
2019-04-16 09:54:28 1.444 sec 23526 rows/sec 9.00000
2019-04-16 09:54:28 1.599 sec 23618 rows/sec 10.00000
2019-04-16 09:54:28 1.622 sec 23601 rows/sec 10.00000

Scoring History:

0 0.000000

13231.000000
2 6462.000000
3 9693.000000
4 12924.000000
516155.000000
6 19386.000000
7 22617.000000
8 25848.000000
9 29079.000000

10 32310.000000 181.88087
10 32310.000000 180.24547

315.05813
231.75128
210.15572
229.37043
198.20058
210.21262
182.34357
180.24547
214.38377

NaN
315.05813

231.75128
210.15572
229.37043
198.20058
210.21262
182.34357
180.24547
214.38377

181.88087
180.24547

Samples Training MSE Training Deviance Training R*2

NaN
0.92276

0.94318
0.94848
0.94377
0.95141
0.94846
0.95530
0.95581
0.94744

0.95541

0.95581



Deep Learning - Predictions Chart
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Random Forest - Predictions Chart
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Gradient Boosted Trees - Predictions Chart
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Support Vector Machine - Predictions Chart
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Although Low Data Range (Date)
Tried Regression Modelling for ABS Pressure (hPa) using other 5 columns as input

Indoor temp and Dew Point were highly correlated to ABS Pressure so not used.
Automatic feature selection/generation technique used.

Root Mean Squared Error Runtime (ms)
30 1.250,000
1.000.000
2 750,000
10 500,000
& & & &° »
ob\‘ \9" & .3 6‘«0 00 \\0 e° V"‘
P A A A S M & °°° a"“ f f*
o ea
Model Root Mean Squared Error Standard Deviation Runtime
Generalized Linear Model 29.0 0.2 109782.0
Deep Learning 13.6 0.2 613724.0
Decision Tree 6.7 0.8 35899.0
Random Forest 56 0.1 662533.0
Gradient Boosted Trees 5:2 1.0 648547.0

9.0 0.9
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Support Vector Machine 1216114.0




Integrated Data
Visualization Tool



|Clear Circles . Weather and Pollution Data
- NEPAL Weather and Pollution
- Data from Mobile Vehicles
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Time Series
Modelling using ARIMA



General Overview

« An ARIMA model is a mathematical model for time
series data.
* George Box and Gwilym Jenkins developed a systematic

approach for fitting these models to data so these
models are often called Box-Jenkins models.

+ We always use statistical or forecasting programs to fit
these models
— The programs fit models and produce forecasts for us.
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ARIMA MODEL

Arima Model trained on the following Time Series:
Number of values: 7605

Resulting Arima Model:
Arima Model (p: 4, d: 0, g: 5)

AR Coefficients: [1.4547171020898764,-0.16147656599579205,-0.1422626859811189,
0.1547870960740363,]

MA Coefficients: [-0.4118651653385933,-0.23716908131826445, -
0.17587892444060524,0.04759654024745145,0.010011132295539817 ]

constant: 22.64487141982825



Time Series
Modelling using RNN



Prediction of Temperature variation in months relative to year using RNN
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RNN Model Parameters

Recurrent Layer (32 n... Dense Layer (1 neuron) Optimizer: adam
ay oy D quw — =) Loss Function: mean_squared_error
D arp Activation: softplus

root_mean squared error: 5.760 +/- 0.000
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Challenges

Massive Raw Data from Sensors
Unstable and Inconsistent Data

Unprocessed Spatial Data

Data Security

User Friendliness with Al Power

'/,3

Processing Power for
on-the-go model Training

Unstable and Inconsistent Data
Unprocessed Spatial Data

Availability of Responsive Server to
Handle Web Requests

Integrity of Collected Data



Proposed Server Implementation at DOECE %@

Driver
Spark
g Context
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Server Architecture

Job Container
Webservices,

webapps —) Execution Engine ——
Triggers Job Agent

Job Container

Process 2
Worker Node 1

Job Container

Job Agent
Queue 3 (local) Process 3
Scheduler

Worker Node 2

Job Container
Job Agent

(optional) Process z
Job Container
Job Agent
Central Node Process n

Worker Node n

.

Jlong Kathmandu Road Lines




Application

City Weather Map
Air Quality Modelling

Web based Visualization of
Pollution and Weather Proxies

Bigdata Warehousing of Public
Remote Sensor Data

B NG
<N Qi &

City Pollution Map

Web based Visualization of Pollution
and Weather Proxies

Traffic Congession Analysis
Routes from GPS Traces

Data Source for Further Researches
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GPS 2019-04-08 to 11 Kathmandu to Biratnagar and Brt to Kathmandu

Siddhicharan
tataraeon

Mol
e
Kolhabi Solma
rYsEay

Gadhi
R o e

0 Kalaiys
- aaran
Dudhauli o
o 2

]

el
Beltar Basaha
accie o Dharan

Gaighat

wwEy 4

Janakpur
Ohaka G

ttahari
st e

tihari
Sitamarhi
ey

Sheohar
fnee | P Ga
Madhuban
g

Halimpur Madhubani =
"h;bo-n] s Efasyge i
arton
(wazc = Sarisal
® lattude

73

2

271

%9

268

%7

%6

%5

87 858 859 880 %1 862 863 864 %S 866 %7 868 %9 870 871 872 73 °

ne ale Environmental Proxie ing Mobile Sensors along Kathmandu R




Application

City Weather Map
Air Quality Modelling

Web based Visualization of
Pollution and Weather Proxies

Bigdata Warehousing of Public
Remote Sensor Data
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City Pollution Map

Web based Visualization of Pollution
and Weather Proxies

Traffic Congession Analysis
Routes from GPS Traces

Data Source for Further Researches
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