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Presenta3on	  Outline	  



Mo3va3on	  

•  High	  level	  goal:	  Enable	  the	  industry	  to	  harness	  emerging	  
tools	  and	  devices	  to	  conduct	  M&V	  at	  drama3cally	  lower	  
cost,	  with	  comparable	  or	  improved	  accuracy	  

•  LBNL	  and	  QuEST	  are	  growing	  a	  body	  of	  research	  in	  
streamlining,	  automa3on,	  accuracy	  and	  uncertainty	  in	  
M&V	  
–  Past	  and	  current	  support	  from	  CEC,	  PGE,	  and	  DOE-‐BTO	  
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Automated	  M&V	  is	  an	  emerging	  capability	  in	  today’s	  
more	  advanced	  analy3cal	  tools	  

Automated	  M&V	  is	  beginning	  to	  be	  offered	  in	  building	  
informa3on	  technologies,	  analy3cal	  so=ware	  tools	  

Baselines	  are	  automa3cally	  created	  using	  historic	  interval	  meter	  
data	  (system	  level	  or	  whole-‐building)	  and	  weather	  data	  feeds	  
	  Regression,	  NN,	  Bin	  models	  most	  common	  
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User	  enters	  the	  date	  of	  EEM	  
implementa3on,	  savings	  
automa3cally	  calculated	  

	  
	  
	  
	  
	  



What	  Ques3ons	  Are	  Being	  Asked?	  

•  How	  can	  I	  determine	  whether	  a	  given	  model	  or	  commercial	  tool	  is	  robust	  
and	  accurate?	  

	  
•  What	  repeatable	  test	  procedures	  can	  be	  used	  to	  evaluate	  model	  and	  tool	  

performance,	  and	  which	  metrics	  provide	  cri3cal	  performance	  insights?	  

•  How	  can	  I	  compare	  and	  contrast	  proprietary	  tools	  and	  ‘open’	  modeling	  
methods	  for	  M&V?	  	  

•  How	  can	  we	  reduce	  the	  3me	  and	  costs	  necessary	  to	  quan3fy	  gross	  
savings?	  

•  Can	  I	  use	  a	  whole-‐building	  approach	  for	  my	  programs	  and	  projects?	  
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*In	  contrast	  to	  post-‐project,	  verifica3on	  ques3ons	  –	  how	  
much	  was	  saved,	  what	  was	  the	  uncertainty?	  

	  
	  
	  
	  
	  



What	  is	  an	  energy	  baseline?	  
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Energy	  baselines	  serve	  many	  purposes	  
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M&V	  Use	  Case	  
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R&D	  to	  Assess	  M&V/Baseline	  Performance	  Accuracy	  

	  
•  Objec3ve	  performance	  assessment	  methodology	  can	  
provide	  a	  win/win	  	  
–  Allow	  vendors	  to	  retain	  proprietary	  IP	  underlying	  the	  
algorithms	  

–  Allow	  users	  to	  gauge	  performance	  of	  the	  tool/approach	  
–  Give	  industry	  confidence	  needed	  for	  scaled	  deployment,	  
widespread	  adop3on	  
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Approach:	  Objec3ve	  Performance	  Tes3ng	  
Methodology	  
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How	  accurate	  is	  the	  baseline	  model?	  

Error	  in	  reported	  savings	  is	  propor/onal	  to	  error	  baseline	  projec/on	  
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M&V	  Use	  Case	  
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How	  do	  we	  assess	  these	  errors?	  
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Baseline	  Model	  

Test	  Data:	  
Many	  buildings,	  
metered	  data	  

• 	  	  Split	  data	  set	  into	  
training	  &	  predic3on	  
period.	  
• 	  	  Train	  the	  model	  by	  
showing	  data,	  hiding	  
predic3on-‐period	  
data;	  	  
• 	  	  Generate	  post-‐
period	  predic=ons	  

Compare	  
predicted	  data	  to	  
actual	  data	  that	  
was	  ‘hidden’	  from	  
model	  to	  quan3fy	  
error.	  
	  
Repeat	  for	  many	  
buildings	  

Calculate	  
Performance	  
Metrics,	  e.g.	  
%Error,	  R2,	  
CV(RMSE)	  …	  

Model	   Compare	   Assess	  

Training	   Predic3on	  

Outdoor	  Temp	  
Metered	  
Modeled	  



Key	  Results	  
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Median	  error	  of	  5%	  across	  100s	  of	  buildings	  

•  5	  models:	  change-‐point	  and	  more	  sophis3cated	  regression	  
models,	  interval	  and	  monthly	  data	  

•  12	  months	  training	  (pre)	  and	  12	  months	  predic3on	  (post)	  
•  Median	  error	  was	  ~5%;	  	  Mean	  error	  was	  ~8%	  
	  
	  
	  

•  Consider	  trade-‐offs	  between	  reducing	  cost/full	  
automa3on,	  and	  highest	  accuracy	  (engineer	  involved)	  
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How	  Deep	  Do	  Savings	  Have	  to	  Be?	  
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Percen=les	  of	  Errors	  

•  Best	  10%	  of	  buildings	  errors:	  <1%	  
•  Worst	  10%	  of	  buildings	  errors:	  >19%	  

	  
Can	  we	  iden/fy	  buildings	  that	  will	  be	  most/least	  predictable?	  



Can	  We	  Screen	  or	  Target	  Buildings	  to	  Reduce	  
Uncertainty	  in	  M&V?	  

•  No	  building	  type	  was	  more/less	  predictable	  than	  others	  (NAICS)	  
•  Simple	  screening	  based	  on	  training	  period	  data	  reduces	  errors	  
•  Mean	  error	  improves	  from	  8%	  to	  6%	  ,	  median	  s3ll	  ~5%	  
•  In	  worst	  10%	  of	  buildings	  error	  improves	  from	  19%	  to	  ~10%	  
•  In	  best	  10%	  of	  buildings	  error	  rises	  (!)	  from	  <1%	  to	  2-‐3%	  
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Aggrega3on	  of	  buildings	  reduces	  error	  to	  1-‐4%	  

•  Aggrega3on	  of	  buildings	  into	  a	  porwolio	  of	  ~40	  
buildings	  reduces	  total	  error	  to	  1-‐4%	  

•  This	  reduc3on	  in	  error	  is	  not	  ‘seen’	  at	  the	  site	  but	  
is	  at	  the	  program	  level	  where	  there	  is	  porwolio	  of	  
par3cipants,	  repor3ng	  at	  an	  aggregated	  level	  
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•  Although	  each	  savings	  
es3mate	  has	  error,	  some	  are	  
too	  high	  and	  others	  too	  low	  



Reducing	  training	  from	  12	  to	  6	  months	  has	  minimal	  
impact	  on	  accuracy	  of	  predic3ons	  
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May	  be	  
opportuni/es	  to	  
shorten	  M&V	  for	  
por.olios,	  if	  willing	  
to	  tolerate	  lower	  
site-‐level	  accuracy	  
	  

12	  months	  
• Current	  guidance	  for	  
whole	  building	  M&V	  

6	  months	  
• Monthly	  models	  fare	  
poorly	  

• No	  significant	  
degrada3on	  in	  mean,	  
median	  accuracy	  

• Large	  increase	  in	  error	  
in	  worst	  10%	  of	  
buildings	  

3	  months	  
• Significant	  
degrada3on	  in	  
accuracy	  

• Differences	  in	  
performance	  between	  
baseline	  models	  
appear	  
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Key	  Takeaways,	  Conclusions	  

•  We	  have	  a	  way	  to	  quan3fy	  accuracy	  of	  fully	  
automated	  M&V,	  and	  iden3fied	  key	  metrics	  	  

	  
•  We	  have	  established	  performance	  benchmarks	  based	  
on	  industry	  standard	  models	  
–  These	  benchmarks	  can	  be	  used	  to	  set	  performance	  criteria	  
based	  on	  programma3c	  needs	  

*	  Test	  dataset	  must	  be	  applicable	  to	  use	  context	  
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Key	  Takeaways,	  Conclusions	  

•  With	  interval	  data,	  less	  than	  12-‐mo	  training	  may	  be	  
possible	  for	  whole-‐building	  savings	  es3ma3on	  	  

•  Median	  model	  errors	  <5%,	  for	  25th	  percen3le	  <2%,	  across	  
hundreds	  of	  buildings	  
–  no	  such	  accuracy	  predic3on	  is	  available	  for	  engineering	  
calcula3ons	  	  

•  Depending	  on	  required	  confidence,	  depth	  of	  expected	  
savings,	  M&V	  may	  be	  able	  to	  be	  conducted	  in	  a	  fully	  
automated	  manner,	  or	  with	  some	  engineering	  interven3on	  	  

•  Promise	  to	  scale	  M&V,	  unlock	  deeper	  savings	  through	  
mul3-‐measure	  programs	  quan3fiable	  at	  whole-‐building	  
level	   20	  



U3lity	  Interest	  

PG&E-‐ET	  funded	  Whole-‐Building	  Savings	  Es3ma3on	  project	  by	  
LBNL	  &	  QuEST:	  

–  Developed	  procedure	  to	  test	  accuracy	  of	  emerging	  tools,	  baseline	  
models	  for	  whole-‐building	  M&V	  	  

–  Developed	  specific	  tes3ng	  protocols	  with	  ‘blinds’	  to	  protect	  
customer	  data	  and	  vendor	  IP	  

–  Protocols	  and	  test	  methods	  used	  to	  prequalify	  tools	  for	  inclusion	  in	  
2013-‐2014	  Whole	  Building	  pilot,	  15%	  mul3-‐measure	  savings	  target	  

	  
CEE	  whole	  buildings	  commizee,	  key	  metrics	  and	  acceptance	  
criteria	  for	  prequalifica3on	  of	  models/tools	  for	  streamlined	  
delivery	  of	  whole-‐building	  focused	  programs	  
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Looking	  Forward	  
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What	  are	  we	  doing	  going	  forward?	  

•  Engage	  broad	  group	  of	  stakeholders	  at	  na3onal	  level	  to	  
–  Gauge	  conceptual	  buy-‐in,	  need	  for	  standard,	  objec3ve	  test	  methods	  	  
–  Elicit	  feedback	  and	  ve{ng	  of	  technical	  aspects	  of	  work	  (TAG	  par3cipa3on)	  

•  Extend	  methodology	  beyond	  whole	  building	  savings	  
–  Isolated	  measures	  (IPMVP	  Op3on	  B)	  
–  DR	  savings	  

•  Use	  methodology	  to	  demonstrate	  accuracy,	  compare	  and	  contrast	  
new	  unique	  models/tools	  M&V	  (July	  solicita3on)	  

•  Publish	  results	  and	  models	  for	  use,	  demonstrate	  with	  u3li3es	  and	  
owners	  for	  increased	  adop3on	  in	  efficiency	  community	  	  
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Thank	  You!	  
	  

Ques3ons?	  
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Jessica	  Granderson	  
JGranderson@lbl.gov	  

510-‐486-‐6792	  

	  


