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In t rod uct ion



Dr. Trager has been doing work and research 
in pra ctica l use of AI tools  for 16 yea rs . He 
ha s  a  Ph.D. from UC Berkeley, w here his  
disserta tion focused on us ing ma chine 
lea rning to foreca s t time-series  da ta  in 
buildings  in order to fa cilita te  a utoma ted fa ult 
detection. He’s  a  huge nerd a nd loves  
renew a ble energy a rt. 

Who am I?



● AI – Mimicking beha vior
● ML – AI, but w e lea rn from 

da ta
● Deep Lea rning – ML, but w e 

get inspired by huma n bra ins
● Gen AI - Like Deep Lea rning, 

but w e a ctua lly a rchitect the  
process  in pa ra lle l like  a  
huma n bra in

W ha t  is  AI?

AI

Machine Learning

Deep Learning

GenAI

1940s 1980s 2010s 2017



Ma ch ine  Lea rn in g  Vs  Tra d it iona l P rog ra m m ing  

Traditional Programming

Write a program that follows explicit 
directions:

IF EMAIL_SUBJECT CONTAINS “CLICK TO 
CLAIM YOUR PRIZE” 
THEN 
MARK AS SPAM

Machine Learning

Write a program that improves based on a 
model

Try to classify some emails;

Change self to reduce errors;

repeat;



Gen AI

Describe the output that you desire

Please write me a program that will filter out 
common spam emails. 

Gen  AI

Deep Learning

Description: A subset of ML that uses neural networks with many layers 
(deep neural networks) to model complex patterns in large amounts of 
data. It is particularly effective for tasks like image and speech recognition.

1. Collect a  la rge da ta set of la beled ema ils  (spa m a nd 
not spa m).
2. Tra in a  deep neura l netw ork (e.g ., us ing a  recurrent 
neura l netw ork or a  tra nsformer) to cla ss ify ema ils  
ba sed on their content.
3 . The netw ork a utoma tica lly lea rns  to recognize 
pa tterns  a nd fea tures  indica tive of spa m.
4. Eva lua te the model's  performa nce a nd fine-tune it to 
improve a ccura cy.
5. Use the tra ined netw ork to filter incoming ema ils  a s  
spa m or not spa m.



Som e Ma ch in e  Lea rn ing  And  AI Alg orit hm s

Regression Algorithms

Regression is concerned with modeling the relationship 
between variables that is iteratively refined using a 
measure of error in the predictions made by the model.

Regression methods are a workhorse of statistics and have 
been co-opted into statistical machine learning. 

Adapted From: https://machinelearningmastery.com/a -tour-of-machine-learning -algorithms/



Som e Ma ch in e  Lea rn ing  And  AI Alg orit hm s

DECISION TREE Algorithms

Decision tree methods construct a model of decisions 
made based on actual values of attributes in the data.

Decision trees are often fast and accurate and a big 
favorite in machine learning.

Adapted From: https://machinelearningmastery.com/a -tour-of-machine-learning -algorithms/



Som e Ma ch in e  Lea rn ing  And  AI Alg orit hm s

Clustering Algorithms

Clustering, like regression, describes the class of problem 
and the class of methods.

Clustering methods are typically organized by the modeling 
approaches such as centroid -based and hierarchical. All 
methods are concerned with using the inherent structures 
in the data to best organize the data into groups of 
maximum commonality.

Adapted From: https://machinelearningmastery.com/a -tour-of-machine-learning -algorithms/



Som e Ma ch in e  Lea rn ing  And  AI Alg orit hm s

Artificial Neural Network Algorithms

Artificial Neural Networks are models that are inspired by 
the structure and/or function of biological neural 
networks.

They are a class of pattern matching that are commonly 
used for regression and classification problems but are 
really an enormous subfield comprised of hundreds of 
algorithms and variations for all manner of problem types.

Adapted From: https://machinelearningmastery.com/a -tour-of-machine-learning -algorithms/



Som e Ma ch in e  Lea rn ing  And  AI Alg orit hm s

Deep Learning Algorithms

Deep Learning methods are a modern update to Artificial 
Neural Networks that exploit abundant cheap 
computation.

They are concerned with building much larger and more 
complex neural networks and many methods are 
concerned with very large datasets of labelled analog 
data, such as image, text, audio, and video.

Adapted From: https://machinelearningmastery.com/a -tour-of-machine-learning -algorithms/



AI Deep Lea rning Gen AIML



Cont ext  / W hy 
Ta rg et



Ut ilit ies  : Everyone  g e t s  t he  sa m e p up p y

Utilities want to give everyone the same thing. 



W h a t  ca n  d o  t o  im p rove  p rog ra m  ou t com es?

From our 2021 study on maximizing minisplit performance:

● Targeting Homes
● Design for Displacement
● Integrated Control of Backup Heating
● Consumer Education
● Quality Assurance



Ta rg et ing  in crea ses  sa ving s

Targeting buys us 85% of the incremental savings 
in the study. 



P ra ct ica l Recom m end a t ions

•Options
oUtilize advanced metering infrastructure (AMI)  Using air temp models

-Low Tech
oOnly 15,000 kWh/yr or more

oWinter Season – Spring Season > 3000 kWh

•Practical Recommendation
-Target homes with significant electric heating loads, based on analysis of billing data



How  else  t o  d o  t a rg e t ing

● Geospatially
● Demogra phica lly
● Using Utility Da ta



Ma ch ine  Lea rn ing  
For Ta rg et ing  - A 
q u ick h is t o ry



The “Ta rg et  S t o ry” - it  w a s  t he  scen t s



How  d oes  t h is  a p p ly t o  b u ild ing s?

Easy Example: MyHeat

If there is  a  lot of hea t lea king, 

Upgra de insula tion



How  d oes  t h is  a p p ly t o  b u ild ing s?

Use Machine Learning. 
Find Buildings Likely to adopt. 

(Without seeing their heat leaking)



A ca se  s t ud y -
Direct  In s t a ll (2018 
- 2020)



Sum m a ry

Using geospatial machine learning, Dr. Trager 
helped Lime Energy s ignifica ntly improve on the 
close  ra te  of their direct ins ta ll progra ms.



P ra ct ica lly - ML W orkflow

Get Audit and sales 
da ta Pipe into ML Tooling Run Models Pipe ba ck to CRM

Filter potentia l lea ds Profit



Concep t ua lly - Use  sa les  d a t a  t o  t ra in  ML Mod el



The On ly Sp ort s  Movie  t ha t  I like



RESULTS

Random Selection 
(Salespeople’s Instinct):

32.8%
Close rate

Intelligent Selection
(Machine Learning):

42.1%
Close rate

28.35% more deals closed



Sep a ra t in g  Dis t r ib u t ions



Sep a ra t in g  Dis t r ib u t ions



Sep a ra t in g  Dis t r ib u t ions



Vet t ing  t he  evid ence



Fea t u res  t ha t  ca n  b e  used

Things that are predictive:
● Energy use
● Census  politica l lea n
● Gender of the conta ct person
● How  ma ny neighbors  ha ve upgra ded
● … a nd ma ny ma ny others



Exp la ina b ilit y



P ra ct ica l 
Ap p lica t ions



How  d oes  t h is  look in  p ra ct ice?

Data is uploaded 
a nd ma pped



How  d oes  t h is  look in  p ra ct ice?

Geofeatures are appended Land Value

Business Volume

Census Data

Additional Data



Mod el is  t ra ined  on  
w on  lea d s , lo s t  
lea d s



Unknow n  p o in t s
a re  p red ict ed  on  



Ok, so  w ha t ?



Even  if hom eow ners  a re  rea ched , d eca rb on iza t ion  is  m essy



Fixin g  p a rt s  o f a  p rocess  ca n  yie ld  hug e  resu lt s

Initial 
Potentia l 

Customers

Via ble  
Ta rgets

W ould sa y 
yes

Tota l 
Houses  
Served

5,634,000

How  Ma ny 
Ca n I 

service?

5% 5% 10%

281,700 14,085 ~1409



Fixin g  p a rt s  o f a  p rocess  ca n  yie ld  hug e  resu lt s

Initial 
Potentia l 

Customers

Via ble  
Ta rgets

W ould sa y 
yes

Tota l 
Houses  
Served

5,634,000

How  Ma ny 
Ca n I 

service?

5% 10% 10%

281,700 28,170 ~2817



There  a re  m a ny s t ep s  t o  d eca rb on iza t ion

And we need to automate as many of them as possible.

Ma rket 
Identifica tion

Customer 
Segmenta tion

Customer 
Acquis ition

Mea sure  
Selection

Proposa l 
Crea tion

Contra cting Fina ncing Insta lla tion

Energy 
Auditing

Incentive  
Filing

Ongoing 
Monitoring



There  a re  m a ny s t ep s  t o  d eca rb on iza t ion

And we need to automate as many of them as possible.

Ma rket 
Identifica tion

Customer 
Segmenta tion

Customer 
Acquis ition

(es tima ted ) 
Mea sure  
Selection

(es tima ted) 
Proposa l cos t

Contra cting Fina ncing Insta lla tion

Forma l Energy 
Auditing (a nd 
then forma l 
mea sure  / 
proposa l)

Incentive  
Filing

Ongoing 
Monitoring

Energy 
sa vings  
es tima te



How  d o  w e Focus  ou r e ffo rt s?

-Propensity: 85%
-Cost To Electrify: $48,000

-Incentives : $12,000
-Sa vings: $8,000

-Life time Cost: $28,000

-Propensity: 49%
-Cost To Electrify: $20000

-Incentives : $4000
-Sa vings: $4000

-Life time Cost: $12,000

-Propensity: 75%
-Cost To Electrify: $10,000

-Incentives : $8,000
-Sa vings: $4000

-Life time Cost: $-2,000

-Propensity: 82%
-Cost To Electrify: $17,000

-Incentives : $7,500
-Sa vings: $7000

-Life time Cost: $2,500

-Propensity: 36%
-Cost To Electrify: $55,000

-Incentives : $14,000
-Sa vings: $8000

-Life time Cost: $33,000



And  now , a  Gues t  
Ap p ea ra nce  b y CP R



©2024 Clean Power Research, 
LLC

CPR’s Virtual Energy Audit

Tom Hoff – Founder and Chief Research Officer

and

Brittany Farrell – Senior Researcher 

brittanyf@cleanpower.com

May 21, 2024



The Virtual Energy Audit
Uses historical customer energy use and outdoor temperature to create energy models for the 
home

US Patent 10,797,639. System and method for performing power utility remote consumer energy 
auditing with the aid of a digital computer. https://patents.google.com/patent/US10797639.

https://patents.google.com/patent/US10797639


1. Other fuel rate

2. Heating fuel rate

3. Winter balance point 

temperature mean

4. Winter balance point 

temperature standard 

deviation

5. Cooling fuel rate

6. Summer balance point 

temperature mean

7. Summer balance point 

temperature standard 

deviation

The energy 
model

Model components



Determine 

overall home 

thermal energy 

efficiency

Virtual Energy Audit Model Uses – Individual Buildings

Size new heating and 

cooling systems

Calculate heating 

and cooling load

Validate energy 

savings



Prioritize 

customers for 

programs

Virtual Energy Audit Model Uses – Bulk Audits

Plan program 

funding

Plan electrification 

infrastructure

Track 

program 

efficacy

R-Value 
Range

Gas and Electric Customers – Single Family Homes
Customers Average Square Footage per home
# % Conditioned Area Est Roof Est Walls

0 to 1 21 0.0% 1,838 1,057 1,804 
1 to 2 323 0.3% 1,688 1,042 1,674 
2 to 3 2,130 1.7% 1,787 1,064 1,753 
3 to 4 6,171 4.9% 1,821 1,081 1,772 
4 to 5 12,561 10.0% 1,806 1,074 1,768 
5 to 6 19,204 15.3% 1,799 1,076 1,763 
6 to 7 23,104 18.4% 1,811 1,098 1,758 
7 to 8 21,332 17.0% 1,826 1,125 1,752 

...



DIGITIZING 
DECARBONIZATION 

SUMMIT LIST



THANK YOU!
Jason S. Trager, Ph.D.

Ja son@plentiful.a i
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