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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
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urban intelligence and sustainability
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- Minimized net power
= System, comfort constraints ,'

- Resistor-capacitor network 1
- Model identification

- Long Short-Term Memory
- Persistent model
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Optimal control implemented at multiple real-world buildings

Thermal comfort, energy conservation, self-sufficiency, etc.
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urban intelligence and sustainability
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SC improved by 19.5%, SS improved by 10.6%
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urban intelligence and sustainability
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- Occupant in the loop optimal control of temperature
setpoints and fan speeds

- 14% reduction in cooling energy and 11% improvement in
total thermal acceptability
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urban intelligence and sustainability
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Minimize electricity purchase (total and peak load) from
the main grid

Reduce carbon intensity by coordinating electricity, heating,
and cooling loads
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urban intelligence and sustainability

— CityLearn Environment —
test Power grid test
control Demand control
Model predictive control HE P Reinforcement Learning
Electric heaters
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. Chilled and DHW
{ } water storage
Batteries

| Training dataset |

] model calibration

agent training [

Case 1

Building-grid interaction, distributed renewable energy,
district energy system decarbonization

More scalable solutions required for complex systems and tasks
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urban intelligence and sustainability
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- Rule-based control to obtain near-optimal control actions
- DT for monitoring and measurement & verification
- Over 40% energy saving and ~30% carbon reduction
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urban intelligence and sustainability
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Total kWh 46.05 Total kWh 84.28 60.32 55.37
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Daily cooling energy per room (kWh)
B
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Daily cooling energy per room (kW
w
o

M Baseline  Schedule  Sch+Vent M Baseline Ventilation ___SchiVent |
Total kWh 44.27 37.75 25.98 Total kwh 46.87 41.6 31.06
Saved kWh / 6.52 18.29 Saved kWh / 5.27 15.81
Saved ratio / 0.15 0.41 Saved ratio / 0.11 0.34

- Over 40% energy saving and ~30% carbon reduction
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urban intelligence and sustainability
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Synergetic urban farming and human environment
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urban intelligence and sustainability

Floating warm and cold water temperatures

Residential Data center
seasonal heating or cooling cooling dominated

Thermal storage Greenhouse Commercial
load and short-term load shifting potential heat sinks seasonal and simultaneous
heating and cooling
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5GDHC, waste heat recovery and building electrification
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scientific machine learning

OpenBlue Digital Twin Overview Spotlight: OpenBlue Digital Twin Spotlight: OpenBlue Bridge

OpenBlue Digital Twin

Digital twins - Computational models that
replicate the behaviour of real-world systems, %

together with J

n approach, OpenBlue
ped on the building
a5 the Al-infused foundation to intelligent context for your enterprise while maximizing  in real time. architecture. The brick

conducting virtual experiments in unseen
scenarios and supporting decision-making

ize and enrich Alinfusion across the data context and
ovide centralized sources help to enable predic

son Control's Digital Twin  multiple data silos to

3D BIM Digital Twin
SIEMENS ® Global Q

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

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

. .
1 1 n 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

& Contactus
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scientific machine learning

Informed decision-making requires scalable and extrapolatable predictive model

Open complex systems Physics-based model Fully data-driven models

~
v @e .0 0.0
11 | 3 Shd B8 |

,,,,,,,,,, = W :‘i-]
,,,,,, e 3 @ - U e M=
ooooooooooooo Gontiils > > : . ': lE
5.5 — T,
* Heterogeneous dynamics « Extrapolatable » High accuracy
* Subject to uncertainties » Low fitting capability » Scalable
* Under-measured « Unscalable

* Unreliable in unseen scenarios
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scientific machine learning

Sci-ML via data assimilation:

» Extrapolation enabled by physics-
informed constraints

« Expert-agnostics learning mechanism

« Balancing model complexity with data
informativeness

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
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scientific machine learning
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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

Multi-zone thermal response model

» Essential to balance fitting capability and
physics-based constraints

* Physics-consistency more important than

predictive accuracy

Massachusetts Institute of Technology
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scientific machine learning

Building+HVAC

[ Non-convex solver ]
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Approximate Calibration-Cost using

(Sparse) Gaussian Process Regression
3

2

Model outputs (

Yo: ;L] (¥, M(X, 9))]_’ _?

o Calibration-Cost 2
. Function -3
Simulate model
. X . . 6 0- 9
with 0 Mean, variance predictions | w(6),0(0)
Next parameter i
candidate
Or+1

Acquisition functi
Allowable set of parameters (bounds) cquistiion function
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0* = in(J(Y,Y
amﬁgﬂ )

s.t. Y =M(X,0)

Define the optimization under
limited information

* Develop base model
 Obtain X, Y

 Screen parameter
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Previous calibration runs:
source tasks
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cloud: training set
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Data-efficient learning

* Meta-learn the governing
equations from a group of
similar buildings

» Fastened target task with
limited data

* 50% reduction in
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Data-centric

Traditional model-centric approach

Control
configuration
Data Data Model TH’ Performance Actual * Arbltrary beforehand data
acquisition processing development . test deployment acquisition
@ —> D@u — @ T{_l o — ffb « Hard to reproduce
Framework » Unknown consequence before
fine-tuning

deployment

3

* Low data usage rate

Massachusetts Institute of Technology 19



Data-centric

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

Control-oriented Data Data Model

2-8-R-0Q—

Massachusetts Institute of Technology

Control
curation acquisition  processing development configuration deployment

T4t

e

Actual

Data-centric approach

 Active learning guided by
downstream applications

» Streamlined model development
and implementation

» End-to-end performance estimation
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Data-centric

Time validity

Massachusetts Institute of Technology

Measurement granularity

0: Mctadata

Temporal resolution

0: > hourly/
statie

Inherit from BIM LoD

Three dimensions to define data
availability

Time validity: how up-to-date is
the data

Temporal resolution: time interval

Measurement granularity:
detailed definition for 6 data
categories

Higher LoD corresponds to
higher data acquisition cost

21



Data-centric

Level 0 1 J i
Total Separated Separated
Energy con- . . .
sumbtion N/A consumption by consumption by consumption by
P energy sources usage type sub-components
Indoor N/A Indoor air Variables affecting Thermal comfort/
condition temperature thermal comfort  sensation feedback
ff ati
System System O C T Temperature and .
. : : mode, thermostat : Static pressures
condition specifications . flow rate variables
setpoints
Enw‘alf}p Geometric anq N/A Surface or core N/A
condition || thermal properties temperature
Internal Assun'{ed Estimated Additional
disturbance operating LA operating profile  occupant sensors
‘ schedules/ profiles
Ezxternal Weather data of On-site weather s l.leat salft on
. N/A : . . different
disturbance the city/region station /sensors : .
orientations
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Data-centric

Measured disturbance inputs
- Actual meteorology year

- Occupant and electricity
(office and classroom)

High-fidelity models
- BESTEST case600
- DOE medium office prototype

Massachusetts Institute of Technology
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operating conditions
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- Heterogeneous requirements of
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Data-centric

Comparison of disaggregated heat flow
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Data-centric

Single zone cases

Multi zone office
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More accurate prediction (lower RMSE) —
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none
sched.
elec
CO2
elec+CO;
ideal
R3C2
- R4C3
R3C2_multi
- R4C3_multi
- R3C2_par
» R4C3 _par

» Lower prediction error means better
control for simple dynamics

* For complex buildings, more data only
led to lower predictive errors

 Better control requires adequate model

« Critical physical component should be
preserved (partition capacitor here) %



Data-centric
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Data-centric

Reference GreenMark Walk-through BMS
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More up-to-date operational parameters

More
detailed
building
geometry
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Data-centric
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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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» Be cautious about low predictive errors in digital twin applications

« Scalable DT frameworks should start from data exchange infrastructure

* Model development needs to be fit-for-purpose

* Multi-system and cross-scale applications remain challenging
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Thank you!

Sicheng Zhan

szhan@mit.edu

Massachusetts Institute of Technology

Human societal Energy-food-
activities carbon nexus

12§51

Cross-scale digital twins

for urban sustainability

Optimal dispatch
of hybrid energy

Carbon-aware
system operations
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