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Intelligent and Sustainable Urban Energy Systems

Massachusetts Institute of Technology



People spend ~90% of daily lives indoor

NHAPS - Nation, Percentage Time Spent
Total n=9,196

TOTAL TIME SPENT
INDOORS (86.9%)

IN A RESIDENCE (68.7%)

OUTDOORS (7.6%)

IN A VEHICLE (5.5%)

OTHER INDOOR LOCATION (11%)

OFFICE-FACTORY (5.4%) BAR-RESTAURANT (1.8%)

Klepeis, N. E. et al. J. Expo. Sci. Environ. Epidemiol. 11, 231-252 (2001).
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Buildings account for ~30% of global
energy end uses

Non-Energy: 10% \

Other: 2%
Agriculture / Forestry: 2% ‘\
Commercial: 8% \

Residential: 20% —

Industrial: 30%

\ Transportation: 28%

IEA (2023).
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Most life-cycle energy use occurs
during operations, consumed by
building service systems: HVAC,
lighting, and equipment

Over 40% energy saving potential in

intelligent and efficient building
operations?

Ding, C. et al. Nat. Commun. 15, 5916 (2024).
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Centered around building operations

* Energy-efficient supervisory control

* Grid-interactive buildings for energy transition

Bridging operations and design
* Track and minimize performance gap

* Operation-informed design decisions



What's the easiest way to save energy?
Avoid unnecessary heating and cooling

Thermostat Slider
Total cooling energy use from June 26 to August 24 (61 days) «—Th . WARMER
4000 slider Adj, ———»
(Displayed at e pASE
3500 4 Min Position) ol
3000 R <——1— COOLER
=3 ﬂl.rer:::de ! —_"‘.
i 2500 button
g 1500
0 Baseline (predicted) Pilot (measured)
Smart thermostat at Legacy thermostat at MIT offices
your home learnable occupant behavior -> over 50% savings
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emperatures (*C)

Avoiding unnecessary heating, cooling, and ventilation

= - .
= 1751 I Radiator
Y3
l |NI = 1s0) M Reheat
% HEE Preheat
¥ e
Lieree =125
(]
o
>1001
2
Class schedules o
Supply @ 75’
Damper Temperature
O versal v2.0 ) EOTY Universal v2.0 g
TH 501
©
Building A g
Supply Flow -E
Building B Flow [m) 0-
2 B Universal v2.0 ]
B ’ LEERY  Universal v2.0 ]
. P Universal v2.0 Cooling Valve Total kWh 87.66 69.34 46.05
D s oe RIS Por SN Saved kWh / 18.32 41.61
S—— ¥ e A ‘ Saved ratio / 0.21 0.47
Drawi = = Chilled b
raW1ngS TSR] Universal v2.0 | E 701 e eam
FTR 'ump Cmi —mversav, ~
B Y ivorsai v2.0 | iy ————— = 60l B Precool
o
o
+ 501
. . (]
Building management system o
— T } Chilled water valve |1-00 é 40
L= T 4 17 e
25 Ty T ——- VAV damper J :0‘75:5 g
E o — I nsoéi o 301
ol | AT R 5 o)}
! 0253 = |
F15‘______::________ e h_oooé 6 20
00:00 03:00 06:00 09:00 12:00 15:00 18:00 21:00 8
.. > 10
Historical data 5
0
Total kWh 44.27 37.75 25.98
Saved kWh / 6.52 18.29

Massachusetts Institute of Technology Saved ratio / 0.15 0.41



Towards cost-effective implementation

Comparative simulation over a summer (simulation testbed)

* Baseline: static day-to-day schedule
* Schedule: mode switching based on actual schedules

* MPC: minimize energy with the same comfort constraint

Similar energy savings of 11.2% (schedule) and 10.8% (MPC)

* Given the same information, only minor differences in
control actions

* Much lower computational and implementation costs

Massachusetts Institute of Technology
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In addition to the low-hanging fruits

Operational Control
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Predictive control to resist
internal/external disturbances

Better thermal comfort with
over 10% additional savings

Zhan, S. etal. Appl. Energy 323, 119580 (2022).
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Accommodate personal preferences through RL

Offline Pre-training Online Learning
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California's duck curve hits record lows
Lowest minimum net load day each year in CAISO, 2015-2023

Towards a zero-carbon future
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Net zero energy buildings

Buildings with rooftop PV

MPC to provide energy flexibility

20% more self-consumption
10% more self-sufficiency
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Data-centric Scientific Machine Learning
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Digital twins - Computational models that
replicate the behaviour of real-world systems,
conducting virtual experiments in unseen
scenarios and supporting decision-making

data
—— [a]
_

decision G
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OpenBlue Digital Twin Overview Spotlight: OpenBlue Digital Twin Spotlight: OpenBlue Bridge

OpenBlue Digital Twin

= Existing DT solutions are decision-lacking

oo
* Data aggregation, 3D visualization, KPI

Locations, Events, Assets and People come  Digital twins help organize and enrich Alinfusion across the data context and Using an API-driven approach, OpenBlue

together with Johnson Control's Digital Twin  multiple data silos to provide centralized sources help to enable predictive autcomes  Digital Tuwin is developed on the building

as the Al-infused foundation to intelligent  context for your enterprise while maximizing in real time. blocks of an open architecture. The brick . . . .

buildings. value standard is core to our interfaces and data Py AC C u rate red I Ctl O n S b ut Wlt h O u t a Ct I O n
structure. p ,

3D BIM Digital Twin
Visualization

Digital Twinning is integrated into the 3D BIM for contextual
visualization, enabling an immersive analysis of your
locations, events, assets and people in the context of the
physical building

; _ SIEMENS 5 Clobal Rl

Products & Services  Market-specific Solutions Company Jobs & Careers  Press  Investor Relations

Building Twin

The Building Twin allows a connected, digital representation
of a physical building. It brings together dynamic and static
data from multiple sources in 2D/3D models and enables
informed and effective decisions to be made. It bridges the
physical and digital worlds through sensors that collect real-
time data within the physical environment. It provides real-
time understanding of how a building is

Massachusetts Institute of Technology



Heterogeneous and data-poor buildings
* Lack of scalable and extrapolatable model

* Absence of key information

Combine domain knowledge and operational
data to enable extrapolatable models

* Robust decision-making in new scenarios

* Data-efficient active learning

Massachusetts Institute of Technology

Physics-informed models

Extrapolatable physics-informed
models through data assimilation

_|_

Decision-oriented data

Active-learned data acquisition to
enable fit-for-purpose modeling

Dynamic digital twins

Dynamically evolving models to
support decision-making
throughout system life cycles

17



Thermal response model for optimal control

V.S.

©

What research papers highlight What facility managers care about
* X% higher predictive accuracy * What’s the payback period?
* Y kWh energy saving based on * |s it easy to set up, with few additional
simulation/experiments requests?
* 7% reduction in data requirements/ * Does it offer robust control under all
computational costs conditions?
Massachusetts Institute of Technology 18
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The role of physics in model development

Input Length for a Shared Weight along the Direction
Certain Time Step

No. of Prediction Steps

Increasing
levels of physics

Output Length for a
Certain Time Step
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RMSE (°C)

Traditional test Extrapolation test

std avg std avg

LSTM 0.21 0.89 0.44 1.21
PINN 0.23 0.89 0.51 1.12
PCNN 0.22 0.88 0.27 0.87
RC 0.15 1.39 0.13 1.78

Proper level of physics constraints
* Balance fitting and extrapolation capability
* Physics-consistency more important than
predictive accuracy

Massachusetts Institute of Technology
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Energy model calibration to capture performance gap

Level 1 Level 2
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All base models achieved satisfactory accuracy after optimization

Reference GreenMark Walk-through BMS
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More up-to-date operational parameters
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Models with similar accuracy could

have distinct ECM evaluation

The key to informed decision-making
IS a good estimate of the relevant
parameter
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Single zone cases

Multi zone office
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More accurate prediction (lower RMSE) —

From chasing accuracy to decision-oriented digital twins

Data is like minerals, everywhere but few are useful. You need to know where to drill.
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Thank you!

Sicheng Zhan

szhan@mit.edu

Massachusetts Institute of Technology

25



	Slide 1: Decision-oriented Digital Twins for Intelligent and Sustainable Urban Energy Systems 
	Slide 2
	Slide 3: Data-centric Scientific Machine Learning for Intelligent and Sustainable Urban Energy Systems
	Slide 4
	Slide 5
	Slide 6
	Slide 7: What’s the easiest way to save energy? Avoid unnecessary heating and cooling
	Slide 8: Avoiding unnecessary heating, cooling, and ventilation
	Slide 9: Towards cost-effective implementation
	Slide 10: In addition to the low-hanging fruits
	Slide 11: Accommodate personal preferences through RL
	Slide 12: Towards a zero-carbon future
	Slide 13: Net zero energy buildings
	Slide 14: Data-centric Scientific Machine Learning for Intelligent and Sustainable Urban Energy Systems
	Slide 15
	Slide 16
	Slide 17
	Slide 18: Thermal response model for optimal control
	Slide 19: The role of physics in model development
	Slide 20
	Slide 21: Energy model calibration to capture performance gap
	Slide 22
	Slide 23
	Slide 24
	Slide 25: Thank you!

