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Why occupancy detection matters?

« Buildings account for 40% total energy use

* Energy consumption in buildings is highly
correlated to occupants

* Occupancy information can be used to:
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Occupancy detection can be
classified by information granularity

A
True 4 ; ® 0

Sensors Presence Count Activity Identity Track
CO, v v X X X
PIR v X X X X
Ultrasonic v X X X X
Power meter v X v X X
Camera / / / ] v /|
Sound / / / % /o
WiFi access v v X i v v i
Computer app. v v v i v X i

Privacy concerns
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Why (or not) CO, based detection

+ Humans naturally exhale CO, —
occupancy proxy

+ CO, sensors can be integrated with
climate sensors & HVAC systems

+ CO, provides info on indoor air quality,
linked to productivity (Fisk, 2013)

“The ‘Sensing by Proxy’ model is more accurate than
previously used machine learning models, and could be
used to improve the efficiency of Demand-Controlled

Ventilation systems (DCV) currently in use.”
-- CO2Meter.com



“Sensing by proxy” is based on a
physical model
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ODE-PDE model captures the
dynamics of CO, concentration
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Models CO, convection in space
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Models CO, production from breath
on local vicinity concentration
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Occupancy detection becomes an

“observer” problem
- @Given output, estimate input V(t) and state X(t)
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Occupancy detection becomes an

“‘observer design” problem
- @Given output, estimate input V(t) and state X(t)
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Experiment setup and CO, sensor
Air supply

Air return

 K-30 Sensor Module
« Baselined via the

* 44 m3 conference room Automatic Baseline
« Completely interior in the building Correction




Experiment with occupants while
measuring indoor CO,,

1000

~ Takes time to accumulate—retum vent

- 900 €==> supply vent
blackboard

800

700

Q Vacancy: CO2
depletion

500

CO2 concentration (ppm)
I O I I I

400 F

Number occupants
o - N W L

Time (hours) 10



CQO, instant concentration is a poor
indication of occupancy

CO, distributions for different occupancy level

045~
I \/acancy
0.4 B 1 Occupant
[ 2 Occupants
2 0351 [ 13 Occupants
S 03l [ 14 Occupants
S, [ 15 Occupants
é 0.95 B 6 Occupants
o I 7 Occupants
.ié 02+ I
<
é 0.15
o
Z.
01
0.05
0 A (O I |
200 400 600 800 1000 1200 1400 1600 1800

CO2 concentration in room (ppm)

 Different occupancy levels can correspond
to similar CO, concentration, due to slow
accumulation/depletion "



Sensing by proxy captures the
indoor CO, dynamics
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Given occupancy, we can have accurate prediction
of exhaust air CO, concentration 12



The parameters are based on
physics (room, ventilation rate, etc.)

g Fresh air equil.: 400ppm Spatial temporal simulation
S '9)¥N, Human breathe: 0.183ppm/sec
rRN

CO2 concentration (ppm)

Param. Physical Value Unit
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meaning

1/a Effect rate 16.67 sec

b Convection 2.5 m/sec PDE-ODE can reproduce the
spatio-temporal distribution of
CO, concentration

Normalized distance Time (hours)

rate

by Diffusion 1.5 1/sec
rate 13




SbP has fast response rate and
high real-time accuracy
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* Inference based on the dynamics of PDE-ODE Model
» Robust to non-uniformity (physique, positions), doors
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SbP is more reliable than
ML-based methods

Naive | Bayes | Logistic | Multi-Layer RBF Ada- Sensing
Bayes Net | Regress. | Perceptron | Network Boost by Proxy

RMSE 1.356 1.21 1.47 1.23 1.33 1.61 2.39
Lower RMSE’
RMSE = \/NZ{Vzl(TrueOCC(i) — EstOcc(i))
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Code and data shared at my grthub
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