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Introduc8on	  and	  Mo8va8on 

1.  40%	  of	  the	  energy	  and	  CO2	  emissions	  in	  the	  U.S.	  are	  due	  to	  buildings,	  
more	  than	  any	  other	  industry	  sector; 

2.  The	  electricity	  consump,on	  of	  the	  U.S.	  grew	  1.7%	  annually	  from	  1996	  
to	  2006,	  and	  the	  expecta,on	  of	  total	  growth	  through	  2030	  will	  be	  26%	  
with	  buildings	  responsible	  for	  over	  70%	  of	  all	  electricity	  consump,on; 

3.  Smart	  grid	  technology	  is	  a	  cyber-‐enabled	  network	  of	  sensors,	  actuators,	  
computers	  and	  power	  infrastructures	  that	  monitors	  and	  manages	  
energy	  usage	  across	  a	  wide	  range	  of	  power	  loads	  in	  an	  effort	  to	  reduce	  
cost	  and	  increase	  reliability	  and	  transparency; 

4.  Similar	  to	  micro-‐communi,es	  in	  a	  human	  society,	  neighboring	  buildings	  
have	  the	  tendency	  to	  form	  clusters	  to	  exploit	  the	  economic	  
opportuni,es	  provided	  by	  a	  smart	  grid,	  distributed	  power	  genera,on	  
and	  storage	  devices,	  and	  to	  reduce	  overall	  primary	  energy	  consump,on	  
and	  peak	  ,me	  electricity	  consump,on. 

Objec8ves 

The	  CPS	  theme	  of	  this	  SMARTER	  project	  is	  to	  develop	  a	  decision	  
framework,	  including	  appropriate	  methods	  and	  tools	  to	  enable	  real-‐,me	  
autonomous,	  robust,	  and	  op,mal	  building	  energy	  system	  opera,on	  
decisions	  for	  the	  next	  genera,on	  energy	  building	  clusters	  
	  
Task	  1	  Develop	  an	  Emulator	  for	  NetZero	  Energy	  Impact	  Building	  Clusters	  

for	  Benchmarking	  and	  Evalua8on	  of	  Different	  Opera8on	  Strategies	  
Task	  2	  Develop	  and	  Calibrate	  an	  Online	  Building	  Energy	  Consump8on	  

Model	  	  
Task	  3	  Developing	  Adap8ve	  Decision	  Algorithms	  for	  Dynamic	  Opera8on	  

Strategies	  
Task	  4	  Valida8on	  and	  Verifica8on	  

Results 
1.   Swarm	  Intelligence	  Algorithm	  on	  Two	  Building	  Opera8on	  Decisions	  
 Table	  1	  Daily	  Energy	  Cost	  ($/day) Table	  2	  Power	  Grid	  Dependency	  Rate	  (PGDR) 

  

2.   Online	  Building	  Cluster	  Energy	  Model	  Results	  	  	  
•  Cooling	  energy	  forecas,ng:	  
•  Accuracy:	  R2>0.9	  
•  Speed:	  ,me<2	  min	  

Conclusions 
1.  Grey	  box	  and	  black	  box	  models	  are	  complementary	  to	  each	  other	  

for	  building	  energy	  consump,on	  predic,on.	  Grey	  box	  model	  shall	  be	  
used	  for	  long	  term	  while	  black	  box	  model	  for	  short	  term	  predic,on.	  	  

2.  A	  Building	  Energy	  Model	  Recommenda,on	  is	  developed	  to	  
effec,vely	  and	  efficiently	  iden,fy	  the	  appropriate	  black	  box	  models	  
for	  each	  building	  with	  its	  unique	  characteris,cs.	  	  

3.  A	  decentralized	  decision	  framework	  has	  the	  poten,al	  to	  significantly	  
reduce	  the	  energy	  cost.	  This	  framework	  is	  adap,ve	  to	  the	  system	  
dynamics	  (e.g.,	  price,	  non-‐cooling	  load).	  

	  

Publica8ons 
 

Valida,on	  &	  Dissemina,on	  
Physical	  System:	  real	  building	  monitoring	  cyber	  data	  from	  university	  campus	  buildings	  
Test	  Bed	  (DU/Siemens):	  a	  building	  cluster	  emulator	  validated	  by	  real	  building	  data	  	  

Dissemina,on	  (ASU/DU/UB/Siemens):	  Tri-‐University	  Program,	  Workshop,	  Internship	  Program	  

SMARTER:	  
How	  next	  genera,on	  NetZero	  

building	  clusters	  make	  opera,on	  
decisions	  dynamically,	  

autonomously,	  robustly	  with	  the	  
assist	  of	  cyber	  data?	  

Opera,on	  performance	  
(e.g.,	  energy	  consump,on)	  
for	  different	  condi,on	  

(e.g.,	  peak	  hours,	  off-‐peak	  
hours)	  

Control	  based	  
transi,oning	  from	  	  
Pareto	  solu,ons	  

What	  
models?	  

How	  do	  
decisions	  
evolve?	  

What	  
decisions?	  

What	  impact?	  

Mul,ple	  Pareto	  fron,ers	  under	  different	  condi,ons	  
(ASU/UB)	  

	  
	  
	  
	  
	  

Adap,ve	  Pareto	  decisions	  
(UB/ASU)	  
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Task	  2	  Develop	  and	  Calibrate	  an	  Online	  Building	  
Energy	  Consump8on	  Model	  	  
•  Develop	  accurate	  and	  robust	  energy	  

forecas,ng	  models	  for	  building	  clusters	  
•  The	  models	  are	  computa,onally	  efficient	  for	  

real-‐,me	  decision	  making	  

Task	  3.1	  Building	  energy	  consump8on	  
op8miza8on	  framework	  
•  Develop	  a	  bi-‐level	  NSGA-‐II	  driven	  

op,miza,on	  framework	  for	  building	  
clusters	  

•  Expand	  framework	  to	  allow	  for	  hourly	  
energy	  op,miza,on	  	  

•  Visualize	  tradeoffs	  through	  Pareto	  
analysis	  

Task	  3.2	  Adap8ve	  response	  to	  dynamic	  
system	  inputs	  
•  Develop	  adap,ve	  response	  for:	  

-‐  Dynamic	  energy	  pricing	  
-‐  Dynamic	  plug	  loads	  
-‐  Dynamic	  customer	  preferences	  

Task	  3	  Adap8ve	  Decision	  Algorithms	  for	  Dynamic	  Opera8on	  Strategies	  

Methods	  and	  Materials 

Task	  1	  	  NetZero	  Energy	  Building	  Clusters	  
Emulator	  Development	  	  
•  Mul,ple	  experimentally	  calibrated	  

building	  models	  	  
•  Energy	  genera,on	  and	  storage	  models:	  

PV,	  bavery	  and	  ice	  tank	  
•  Providing	  opera,on	  data	  for	  Task	  2	  and	  3	  

Task	  2	  	  Develop	  and	  Calibrate	  an	  Online	  Building	  Energy	  Consump8on	  
Model	  	  

Task	  2.1	  	  Building	  Energy	  On-‐line	  Forecas8ng	  Through	  System	  
Iden8fica8on	  and	  Data	  Fusion	  
•  Building	  energy	  system	  nonlinearity	  and	  response	  ,me	  test	  
–  Squared	  coherence	  magnitude	  test	  

•  General	  methodology	  for	  building	  energy	  forecas,ng	  using	  system	  
iden,fica,on	  
–  Frequency	  response	  func,on	  

•  Model	  comparison	  
•  Outperformed	  others	  	  

•  Real	  building	  implementa,on	  
–  Iowa	  Energy	  Center	  
–  System	  characteris,cs	  test	  
–  System	  iden,fica,on	  development	  and	  adapta,on	  

Task	  3.3	  Pareto	  Band	  explora8on	  and	  
fron8er	  transi8ons	  
•  Develop	  Pareto	  band	  through	  Monte	  

Carlo	  simula,on	  and	  op,miza,on	  
•  Smoothly	  transi,on	  between	  fron,ers	  

to	  maintain	  op,mality	  with	  respect	  to	  
uncertainty	  

Task	  2.1	  	  Building	  Energy	  Model	  
Development:	  A	  Recommenda8on	  System	  
•  A	  meta-‐learning	  based	  recommenda,on	  

system	  is	  proposed,	  which	  can	  select	  best	  
models	  to	  forecast	  building	  energy	  profile	  
for	  48	  DOE	  reference	  buildings	  of	  
heterogeneous	  features	  

Operational 
features and 

load data
Testing

Model 1
Model 2
…

Model n

Model 
Performance Statistical&

time series 
features

Physical
features

Meta-
learning

New problem Meta-feature 
extraction

Recommendation 
system Recommendations

Training data
(specification
& lag data) 

Cross-
validation

(hv-block CV)

Stage 1

Stage 2

Meta-feature generation

	   Building Energy Model Variables Variable Type 
1 Outdoor Air Drybulb Temperature  (℃) Continuous 
2 Outdoor Air Relative Humidity Continuous on [0,1] 
3 Outdoor Air Flow Rate Continuous 
4 Diffuse Solar Radiation Rate (W/m2) Continuous 
5 Direct Solar Radiation Rate (W/m2) Continuous 
6 Zone People Occupant Count Integer 
7 Zone Air Temperature  (℃) Continuous 
8 Zone Air Relative Humidity Continuous on [0,1] 
9 Zone Thermostat Cooling Setpoint Temperature (℃) Continuous 
10 Building Equipment Schedule Value Continuous on [0,1] 
11 Day of Week Integer on [1,7] 
12 Time of Day Integer on [1,48] 

•  The	  system	  is	  capable	  of	  automa,cally	  
recommending	  the	  appropriate	  model(s)	  
with	  accuracy	  of	  90%	  

•  Comparing	  to	  the	  tradi,onal	  trial-‐and-‐error	  
approach,	  meta-‐learning	  approach	  can	  
achieve	  both	  of	  high	  predic,on	  accuracy	  
and	  high	  computa,onal	  efficiency	  

Task	  2.2	  Calibrate	  an	  Online	  Building	  Energy	  
Consump8on	  Model	  
•  A	  Kalman	  filter	  assisted	  with	  canonical	  

variate	  analysis	  (CVA)	  method	  is	  innovated	  
to	  calibrate	  the	  recommended	  model	  

EnergyPlus

Measurement 
Noise
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Forecasting

Canonical Variate 
Analysis

State Space Model

Input& 
Load 

Forecast

Training 
Input &Load 

Data

Kalman Filtering 
Calibration

Calibrated 
Load 

Forecast

Forecast 
error

Estimation 
error

Testing data

Process Noise

•  The	  proposed	  calibra,on	  system	  gives	  
more	  accurate	  forecas,ng	  result	  given	  
noisy	  condi,ons	  and	  uncertain,es	  
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Building	  energy	  forecas,ng	  

Model Excitation 
Interval 

Excitation 
Frequency, h-1 

Sample 
Length, h R2 RMSE, kW NRMSE 

Small pre-adaptation 30 min 1-6 6  0.91 0.66  9% 
Small adapted 30 min 1-6 3  0.96 0.48  7% 

Medium pre-adaptation 30 min 1-6 6  0.73 12.15  16% 
Medium adapted 60 min 1-3 6  0.92 5.92  8% 

 

Model 
Linear/ 

Nonlinear 
Excitation 

Training 

Period 

Testing 

Period 

Calculation 

Time (s) 
R2 RMSE NRMSE 

SID L Yes 0801-0807 0822-0828 21 0.96 0.48 kW 7% 

N4SID L No 0801-0814 0822-0828 2.88 0.89 1.11 kW 15.6% 

RC & Chiller NL No 0801-0814 0822-0828 451 0.87 0.83 kW 11.70% 

SVR NL No 0801-0814 0822-0828 0.02 0.69 1.04 kW 14.59% 

ANN NL No 0801-0814 0822-0828 2.78 0.93 0.68 kW 9.60% 

 

Task	  2.2	  	  Building	  Energy	  Device	  Simula8on	  
Using	  Simplified	  Physics	  Models	  
•  Develop	  and	  validate	  simplified	  physics	  

models	  for	  building	  energy	  device	  
simula,on	  against	  emulator	  results	  

Iowa	  Energy	  Center	  –	  small	  
commercial	  building	  

Real	  field	  measurement	  

0 0.5 1
0

0.2

0.4

0.6

0.8

1
Tout

N
on

lin
ea

rit
y 

In
de

x

0 0.5 1
0

0.2

0.4

0.6

0.8

1
Tcore,stp

0 0.5 1
0

0.2

0.4

0.6

0.8

1
Tsouth,stp

0 0.5 1
0

0.2

0.4

0.6

0.8

1
Twest

0 0.5 1
0

0.2

0.4

0.6

0.8

1
Tnorth,stp

0 0.5 1
0

0.2

0.4

0.6

0.8

1
Teast,stp

Normalized Frequency (h-1)

N
on

lin
ea

rit
y 

In
de

x

0 0.5 1
0

0.2

0.4

0.6

0.8

1
Qdir

Normalized Frequency (h-1)
0 0.5 1
0

0.2

0.4

0.6

0.8

1
Qdif

Normalized Frequency (h-1)
0 0.5 1
0

0.2

0.4

0.6

0.8

1
Rin

Normalized Frequency (h-1)
0 0.5 1
0

0.2

0.4

0.6

0.8

1
Voa

Normalized Frequency (h-1)

System	  nonlinearity	  test	  

0 2 4 6 8 10 12 14 16 18 20 22 240

5

10

15

20

25

30

35

40

45

50

Time, hour

C
oo

lin
g 

(C
hi

lle
r) 

En
er

gy
, k

W

 

 

Forecasted value (SID),kW
Forecasted value (Updated SID), kW
Measured value,kW

Real	  field	  energy	  forecas,ng	  


