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Air Quality (AQ)

The Air Quality (AQ) sector work closely with
state and central pollution control boards to
identify pollution sources through advanced
emissions inventory modelling and source
apportionment studies.

Low-cost sensor PM chemical

networks characterization

Air Quality Capacity
modelling building

Artificial Intelligence &
Digital Platforms (AIDP)

Source Air Quality Data

apportionment Management
tools System

Rooftop solar Climate change
explorer risk assessment

The Artificial Intelligence and Digital Platforms
(AIDP) sector leads the development of
decision-making tools, information portals,
productivity tools, data visualization, analytics
and Al/ML to drive efficiencies and increase
value by amplifying outcomes and impact.



% India Sensor Evaluation and Training (Indi-SET) facility:
an independent, standardized testing for air sensors in India

P

* Reference-grade instruments for PM, ., PM,,, NO,, O;, CO and SO, + weather parameters + BC + Real-time
chemical characterization + metal characterization

* Phase 1 sensor evaluation: Jan 20, 2024 to Jan 15, 2025
* Phase 2 sensor evaluation: Sept 24, 2025 to Jan 15, 2026 (AIRLAB Microsensor Challenge 2025)
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g General steps in the sensor data handling

Sensor

network data
Deployment of analysis

sensor nodes

Purchase of
sensor nodes

Collocation
with reference
instruments

e Performance
evaluation

e Development of
localised
calibration models



1 Sensor data processing levels Schneider et al. (2019)

level name definition example: gas sensors example: particle sensors

Level-0 raw measure- original measurand produced by sensor  voltage corresponding to measured quantity, such as  voltage corresponding to current due to

ments system current for electrochemical and infrared sensors, light scattered in nephelometers, or to
resistance /conductance for metal-oxide sensors binned counts for optical particle-
counters

Level-1 intermediate estimate derived from corresponding for electmchemlcal sensors, NO, concentration in g/ binned particle-counts or PM mass in ug/
geophysical level-0 data, using basic physical m’ or ppb, using only Level-0 data from the NOQO, m’ derived from Level-0 data using
quantities principles or simple calibration sensor itself with no additional corrections beyond simple calibration/assumed particle-

equations, and no compensation factory calibration (“raw data in concentration density
schemes. units”)

Level-2A  standard geo- estimate using sensor plus other on- NO, concentration in ug/m® or ppb, derived from PM concentration in yg/m® corrected for
physical board sensors demonstrated as ap- onboard NO,/NO/Q; sensors, corrected for inter- T/RH effects with onboard-measured
quantities propriate for artifact correction and ferences based on the measurement principle and/or  T/RH

directly related to measurement T/RH effects using onboard data
principle”

Level-2B  standard geo- as Level-2A but using external data as Level-2A but using external data from nearby station  as Level-2A but using external T/RH from
physical demonstrated as appropriate for related to correcting for interferences based on the nearby station
quantities-ex- artifact correction and directly related measurement principle (e.g. O;, T/RH)
tended to measurement principle”

Measurement,/ Prediction Boundary

Level-3 advanced geo-  estimate using sensor plus internal/ NO, concentration in gg/m® or ppb, derived from PM concentration in pg/m’, derived from
physical external inputs, not constrained to Level-2A or Level-2B data, further corrected by Level-2A or Level-2B data, further
quantities data proven as causes of measure- proxes known to be correlated with NO,, e.g. corrected by proxies known to be

ment bias or related to measurement emissions or modeled NO, correlated with PM, e.g. emissions or
principle” modeled PM

Level-4 spatially contin-  spatially continuous maps derived from map of NO, concentrations in pg/m’ or ppb, e.g. by map of PM, ; concentrations in pg/m’,
uous geo- network of sensor systems assimilation of sensor network data into a physical e.g. by assimilation of sensor network
physical model data into a physical model
quantities

“T/RH stands for temperature and relative humldlt}r The spatial support of all Levels except Level-4 is point measurements at single locations or
for entire networks. “See Hagler et al. (2018).” 6
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% Sensor Evaluation Methodology

Data collection

Development of calibration models

s ~
Collocate sensor
nodes with
reference
instruments
\ Y,
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Data
standardization

Split the data:
Training and test
data set

Data cleaning

-

Develop
correction
model using
training data

Data processing
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Data collection from sensor nodes

Sensor node

SIM card SD card SD card loT SIM card / Wifi
.csv files/ .txt files Manufacturer
server
I
I
PM M;;S%fgg';t:;er Manufacturer API
Gas
sensors
sensors

Photo credits: Vinod S.

Store in a Database
Management
System
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E& Data standardization, cleaning and processing

o

e Convert to IST

e Assign standard units and
parameters

e Aggregate to 1-minute interval

9 Data

standardization

~—— Data cleaning

.

~N

J

e Remove days with <75% data
availability

e Remove negative values

e Remove out of threshold
values

- )

e e o)

] Data \

o

15-minute averaging for gases
1-hour averaging for PM
Consider 75% data availability
while aggregating

For averaging data 10:00 hrs
to 11:00 hrs, assign to 10:00
hrs (optional)

Merge sensor data with

reference data based on
'DateTime' for analysis

processing

- J




Inter-unit precision

* Pearson correlation coefficient (r)

Coefficient of determination (R?)
Standard deviation (SD)
Coefficient of Variation (CV)
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where (for PM):
SD = Standard deviation of 1-hour averaged sensor PM concentration measurements (ug/m>)

N = Number of 1-hour periods during which all identical instruments are operating and returning valid averages
M = Number of identical sensors operated simultaneously during the field test
xp; = 1-hour averaged sensor PM concentration for hour h and sensor j (ug/m?)

%, = l-hour averaged PM concentration for hour k across all M sensors (ug/m?)

X = deployment average PM concentration for a field test (ng/m?) 0



Comparison of sensor to reference instruments

* Linearity: r, R?
* Bias: Slope, Intercept

For a regression of the form:

y=po+ px
the slope (fy) and intercept (f, ) are obtained from the least squares formulas:
> (x; — (i — 7)
b = . Po=y—hx
T (x; — % !

where:

= Xx; = reference concentration values

= y; = sensor concentration values

* X = mean of reference concentration values

= y=mean of sensor concentration values

In Python, the same result is obtained usin@Py‘s pol@
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1 . Comparison of sensor to reference instruments

* Error: RMSE, NRMSE, CvMAE

N = Number of 1-hour periods during which all identical instruments are returning valid averages

xp = l-hour averaged sensor PM concentration for hour h

R;, = 1-hour averaged reference monitor concentration for hour A
RM S E = Root Mean Square Error

NRMSE = Normalized Root Mean Square Error (%)

R, = valid 1-hour averaged reference concentration over the entire testing period

N
Zf:] |xh — Hpias — Rhl

CoMAE = x 100

N
Z:‘=] Rp

where:
i N
Mpigs = — Xp — R
b = ,-=§1( h h)

x, = l-hour averaged sensor concentration for hour A
R; = 1-hour averaged reference monitor concentration for hour h

N = Number of 1-hour periods during which all identical instruments are returning valid averages

CvM A E = Coefficient of Variation in Mean Absolute Error L




Performance Evaluation Target Values

(adapated from US-EPA)

Performance metrics PM.. PM:. 0 NO: co 50:
Precision
Pearson cormrelation coefficient (n) =019 =09 =049 =09 =049 =049
Coefficient of determination (R*) =048 =08 =048 =048 =08 =08
Standard Deviation (50) = & pgfm= = 5 pg/m? = & ppb = b ppb = 0.02 ppm =5 ppb
Coefiicient of Variation (CWV) = 30 % = 30 % = 30 % = 30 % = 30 % = 30 %
Bias
Slope (m) 1+£0.35 1+0.35 1+02 1+£0.35 1202 1+0.35
Intercept(c) -S=c=5pgm* -10=c=10pg/m® -S=c=5pphb S=c=5pph -005=c=005ppm -5=c=5ppb
Linearity
Pearson correlation coefficient (n) =048 =08 =03 =0.8 =08 =048
Coefficient of determination (F*) =07 =07 =03 =0.7 =03 =07
Error
Foot Mean Square Error (RMSE) = T pgfm= = 14 pg/m? = & pph =15 ppb =015 ppm = 15 ppb
Mormalized Root Mean Sguare Error (WNEMSE) = 30 % = 30 % = 30 % = 30 % = 30 % = 30 %
Bias-corrected Coefficient of Variation in Mean Absolute Error (CvMAE) = 30 % = 30 %% = 30 % = 30 % = 30 % = 30 %

13



Guidance for Evaluating the
Performance and Use of Air
Quality Sensors for Construction
Dust (PM,,) Monitoring

Publication alert

 Which is the best sensor model to be used
for construction dust monitoring?

* How to carry out the collocation study for
evaluating and calibrating PM sensors?

* How to store and process sensor data?

Guidance for Evaluating the Performance and Use of Air Quality Sensors for

Construction Dust (PM10) Monitoring — CSTEP

Contributing authors: Dr. Emil Varghese and Dr. R. Subramanian
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https://cstep.in/publication/guidance-for-evaluating-the-performance-and-use-of-air-quality-sensors-for-construction-dust-pm10-monitoring/

Air Quality — Data Management System (AQ-DMS)

Ingest Raw Data Process raw data Enrich processed data

\ ML Models
\ Fetch raw APL Transform Aggregate
Manufacturer’s APL ———3» data raw data data ' ¥ Calibrate Apply
needs ;
Quality checks
/ calibration data i
/V ?
N
store in B standardized aggregated calibrated QC calibrated
raw table table table table tahle

Device
metadata

{device,
lgcation etc)




% Get AQ data available at neighborhood levels — with
< alerts carefully flagged

DAGs

. All o Active o Paused o Running o Failed o alerts ()
BotService, AQ -
x 21-10 22:30 DAG Owner { Runs Schedule LastRun {
librated_threshold_alert 15> =
_ o . _ Q.7 - airflow 2026-02-07, 02:00:00
Device 12098 in Sivanchetti Gardens, Ulsoor reporting 432.81 o
i lue_d 8=
ug/m3 for PM2.5 from 21:45 to 22:00 @ T o (® 5" 20260206 160000
i . L. daily_max_min_dag : 302 .
Device 1170 in Veeranapalya exceeded acceptance limit in raw value of 3159.71 ug/m3 for dlrts airow ® 2025-08-10, 02:30:00
Suliiies dfvrice-smus-dag atow | G () L 2026-01-26, 02:53:00
Welcome to AirNet © "o © " sossron e
Login P’:‘;faw-a'm—“r airfiow GO (® 5 2026.01-26,02:0000

Email Address
o relative_humidity_alert

alerts

3
S

(=]

&

2026-02-06, 16:00:00

Password

https://airnet.cstep.in/ o

Forgot Password? | Register 16



https://airnet.cstep.in/

-\, Develop your own Data

Management System

https://github.com/CSTEPBLR/AQDMS

= Mo calibration done on the data
» But save the data from aggregated table
to calibrated_data_15min table

Contributors: Rakshita Kolhar and Keerthi Vignesh

Non Caliberation Task

Load manufacturer config
Fetch and store data in "raw” table

Read from Raw table

Manufacturer specific pre-processing

Manufacturer column names to standardized names

UTC to IST

Avg by minute (for sub-min data)

Validate and store data in manufacturer specific staging table

Load core table schema

Load manufacturer specific staging schema

SQL query to select parameter of interest that are available in
manufacturer table

Insert into standardized table (not manufacturer specific)

Select columns to be aggregated

Group by device id, start time, & end time

Use average as aggregation method for 15 minute period
Insert into aggregate table

Read the data from aggregate table

Get the model path from models table

Do the caliberation

Pivot the table on predicted values

Rename column names to identify as "calibrated”
Merge calibrated columns with aggregated data
Insert into calibrated_data_15min table

Caliberation Task

Read from calibrated_15min table
Do quality checks
Insert into calibrated_data_15min_qc

User Apache superset for visualization
Steps to create dashboard and charts are given in
the path : /sroivisualization#readme

17
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https://github.com/CSTEPBLR/AQDMS
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Guidance for Evaluating the
Performance and Use of Air
Quality Sensors for Construction
Dust (PM,,) Monitoring
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