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Co-Optimais focused on outcomes which @
Improve the blendstock value proposition Q

SPR-PP: Structure-property relationships and property prediction underpin
Co-Optima blendstock candidate selection and evaluation

Goal

« Develop accurate chemical structure-
fuel property relationships, and fuel
property predictions from these,
across a full set of chemical classes Sl LR
and structures

BIOBLENDSTOCK
Outcome DISCOVERY,

« Enables Co-Optima and other AND IMPACTS
BLENDSTOCK

researchers to identify and evaluate ANALYSIS GENERATION
candidate blendstocks

Relevance

 Provides underlying ;cience to _ e norenTy
understand and predict fuel properties S
of blendstock targets




SPR-PP Quad Chart Overview

Timeline

Barriers addressed

* Phase | 10/1/15 to 9/30/18 * ADO-E. co-development of fuels & engines
* Phase Il 10/1/19 to 9/30/21 » At-D. identifying new market opportunities
* % complete 12% of review cycle for bioenergy and bioproduct

Objective
Tie fuel properties to chemical structure by:
» developing tools to predict SPRs
» predicting fuel properties and supplying
DOE $4,993 $4,290 $3,515 $11,025 to generation, characterization efforts
funded
End of project goal
DOE Labs part of SPR-PP:
LANL, LBNL, NREL, ORNL, PNNL, SNL » Develop accurate chemical structure-fuel

property relationships, and fuel property
predictions from these, across a full set
of chemical classes and structures



1 Project Overview @
SPR-PP Structure-property relationships & property predictions

SPR-PP objectives:

STRUCTURE PROPERTY
RELATIONSHIPS

« Tie fuel properties to chemical
structure to enable bioblendstock
. . BIOBLENDSTOCK
selection for the generation, DISCOVERY,

i i i EVALUATION,
characterization analysis cycle AND IMPACTS




1 Project Overview @
Structure-property relationships & property predictions

STRUCTURE-PROPERTY MOLECULAR PROPERTY BLENDSTOCK/
RELATIONSHIPS CLASSES PREDICTIONS BLENDED FUEL

Define important properties . Develop methods to predict
Define suite of chemistries and properties for blendstocks and
functional groups blended fuels

Establish influence of these . Conduct predictions within
chemistries on properties gualifying molecular classes




2 Approach (Management)

All teams technically integrated

STRUCTURE-PROPERTY  MOLECULAR PROPERTY 'l BLENDSTOCK/
RELATIONSHIPS CLASSES PREDICTIONS BLENDED FUEL

STRUCTURE PROPERTY
RELATIONSHIPS

BIOBLENDSTOCK
DISCOVERY,
EVALUATION,
AND IMPACTS

Enables decision-making on Provides blendstock targets to

which blendstocks undergo
feasibility analysis

be generated, where data are
unavailable

BLENDSTOCK
GENERATION

ANALYSIS

FUEL PROPERTY

CHARACTERIZATION

Provides information on targets to be

further characterized and predicted
properties for unavailable fuels




2 Approach (Management) ()

Comprehensive inter-lab integration for all projects

- Los Alamos Andrew Sutton, Kubic, Cameron Moore, Troy Semelsberger

NATIONAL LABORATORY

Pacific Northwest
NATIONAL LABORATORY

i

National labs and principal investigators

HPF Team Lead: Anthe George (SNL) HPF Deputy: Derek Vardon (NREL)

ssssssss

Todd Pray, Jay Keasling, Eric Sundstrom

Tom Foust, Dan Ruddy, Nabila Hug, Gregg Beckham, Derek Vardon, Seonah Kim

Brian West, Mike Kass

Evgueni Polikarpov, Tim Bays, Lelia Cosimbescu, Vanessa Dagle, Dan Gaspar, Karthi Ramasamy

Sandia

National Anthe George, Joey Carlson, Ryan Davis,, Corey Hudson, Eric Monroe
Laboratories

Experienced team with cross-cutting expertise in fuels and their properties




Communication and coordination essential for SPR-PP activities

2 Approach (Management) ()

Co-Optima regularly scheduled meetings

AED/FP @

TK 1

'EE&RTHT: ﬁ | ﬁl

Week 1 Week 2 Week 3 Week 4
COLT ‘
COLT/XLT 1
Stakeholder/all hands call | o

|

COLT/DOE |

| SPR-PP task kpecific working groups
|

SPR-PP coordination SPR-PP in-depth task
during HPF “Lightning communication during HPF
Round” “Deep-dive”

SPR — PP efforts are closely integrated in HPF & broader Co-Optima




2 Approach (Technical)

Foundational technical questions frame approach

What fuels do What fuel What will work
engines options work in the real world?
really want? best?




2 Approach (Technical) @
SPR-PP workflow leads to blendstock determination

STRUCTURE-PROPERTY MOLECULAR PROPERTY BLENDSTOCK/
RELATIONSHIPS CLASSES PREDICTIONS BLENDED FUEL

Devise comprehensive suite High throughput tools
of functional groups (computational / experimental)

Mine literature, use available Theoretical/quantum
tools chemistry calculations

Devise SPRs Machine learning

Select qualifying functional Select experimental data for
groups for combustion type validation




2 Approach (Technical)

Defining properties by combustion mode

Boosted SI

\

Light-Duty

n

Multi-mode SI/ACI

Mixing Controlled Kinetically Controlled

Properties

Properties

ethers
polyethers
n-alkanes
iso-alkanes
mono-alkenes
esters
alcohols
ketones
polyketides
cycloalkanes
dienes
carboxylic acids
aldehydes

aromatics

ethers
polyethers
n-alkanes
iso-alkanes
mono-alkenes
esters
alcohols
ketones
polyketides
cycloalkanes
dienes
carboxylic acids
aldehydes

aromatics



2 Approach (Technical)

Defining properties by combustion mode

Boosted SI

\

Mixing Controlled Kinetically Controlled

Light-Duty

n

Multi-mode SI/ACI

Performance:

RON, MON, S,
HoV, Sooting

Operability:

I:)vapl Bp, Mp, n, 6,
stability

Performance:

CN, LHV, Sooting.

Flash point

Operability:
M, m, solubility,
stability

ethers
polyethers
n-alkanes
iso-alkanes
mono-alkenes
esters
alcohols
ketones
polyketides
cycloalkanes
dienes
carboxylic acids
aldehydes

aromatics

ethers
polyethers
n-alkanes
iso-alkanes
mono-alkenes
esters
alcohols
ketones
polyketides
cycloalkanes
dienes
carboxylic acids
aldehydes

aromatics



2 — Approach (Technical)

Critical success factors and barriers to overcome

SPR-PP Success Factors SPR-PP Barriers to Overcome

Timing for devising structure-
property relationships complicate
work staging

Discover underlying science that links
properties to chemical structure

Define combustion-appropriate Relevant properties for advanced
blendstock candidates for further combustion approaches not fully
evaluation by Co-optima defined
Provide on-going property prediction Lack of training data for novel
support to broader Co-optima team structures can reduce reliability
of models

Project activities designed to address barriers to success




2 Approach (Technical) @
Well-defined milestones and strategies to address risk

SPR-PP Potential Risks SPR-PP Risk Mitigation Strategy

v" Paucity of experimental data prevents v' Determine essential data points and
development of models and SPR work with generation/characterization
v' Time line for determining important teams to produce values
multi-mode properties incompatible v' Work with fuel property and engines
with SPR workflow team to triage most critical fuel
o properties for evaluation R

BIEK)

HPF Demonstrated Ability Selected SPR-PP FY18 Milestones

v HPF outputs link “Structure Submit a review article for publication

Property” and “Bioblendstock detailing the newly developed

G tion” f . hemist thermodynamic understanding of the Q1
eneration for a given chemistry chemical basis for Reid vapor pressure in

v" HPF completed >20 milestones in non-ideal fuel mixtures
FY18 related to Light Duty and
Heavy Duty bioblendstocks

Expand surrogate blend model to full 03
composition fuels and oxygenate blends

Progress measurable with risk mitigation strategies and milestones in place




3 Progress SPR @
Structure property relationships to determine blendstock targets

STRUCTURE-PROPERTY MOLECULAR PROPERTY BLENDSTOCK/
RELATIONSHIPS CLASSES PREDICTIONS BLENDED FUEL

Devise comprehensive suite
of functional groups

Mine literature, use available
tools
Devise SPRs

Select qualifying functional
groups for combustion type




3 Progress SPR @
Determined chemistries with potential as diesel-like bioblend stocks

Screened functional groups based on fuel

_ ethers
properties polyethers
*  Autoignition (cetane number) n-alkanes
*  Boiling point biomass iso-alkanes
«  Flashpoint . mono-alkenes
« Kinematic viscosity ‘?E esters
«  Freezing point r alcohols
- Biodegradability and toxicity ketones
. polyketides
Evaluated 14 structural groups for MCCI il crops cycloalkanes ]
bioblendstock potential algae dienes
«  Determined several hydrocarbon and oxygenate carboxylic acids
functional groups are (green) or may be (orange) aldehydes
suitable for use as diesel-like bio-blendstocks aromatics

Pl: Gaspar, PNNL & McCormick NREL

Outcome: first systematic application of the fuel property-based approach to diesel-like bio-
blendstocks




3 Progress SPR

Software to explain structural contributions relevant to RON, MON, CN

Software visualizes how structural
differences impact fuel properties

» Provided a basis for visually evaluating model
performance relative to known functional groups

* Focused on properties RON, MON, CN

Nearly all blendstocks being considered by
Co-Optima have been evaluated

+ 1000s of molecules evaluated to understand impact
of structure on RON MON CN

Specific outcomes include

* Determined the effect of methylation position on
sparsely methylated alcohols

» Provided bases for modeling neat vs. blended
effects in prenol and diisobutylene

«  Software has been distributed Open Source at
https://www.github.com/sandialabs/FeatureCreature

®
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Pl: Hudson, SNL

Outcome: evaluated the impact of structure on fuel properties of potential fuel chemicals
that lead to MCCI and Sl blendstock targets for further evaluation




3 Progress SPR @
Blending/NMR models use carbon position for fuel property prediction

Fuel complexity and carbon position drive
property predictions

« 250 pL NMR samples characterize blendstock N . — N _
ties C NMR Functional Group (Carbon Type) Similarity Evaluation
proper | . ']
+  Completed comparison of carbon types for 72 PNNL__ Sesoipe
complex fuels (shown) and ~100 (not shown) 10

*  Fuels generally grouped according to complexity
and distillation range

«  Property predictions within partial or full distillation
range fuels were robust, but not extensible from 5
less complex to more complex

Third Coordinate

Co-Optima samples characterized validate '% )
expected results %0, 10
*  PNNL iso-olefin sample comparable to gasoline

* NREL 20% blend of 5-ethyl-4-propylnonane in
diesel comparable to diesel

*  ORNL natural gasoline sample comparable to
gasoline

@ Gasolines

@ Diesels Fossil-derived
@ “F6” Diesels

© Renewable Diesels

Pl: Bays, PNNL

Outcome: can successfully predict or classify fuel properties based on carbon types and aid
in structure-property model development for complex mixtures




3 Progress SPR @
Fast screening property mapping molecular structure to sooting

Sooting tool maps relationship
between molecular structure and

sooting properties '\HQ* Structure  CN  ys
*  Machine learning using molecular
. . o]
structure and experimentally YSI (Yield T ——__— Qﬁl,\ 16 185
Sooting Index) values for ~500 species
i . Estimated YSI: 7121.8 = TT.SlmB
’ AIIOWS Screem.ng Of. a Wlde range Of Component Fragments /CO</\ 39 105
chemical functionality for blendstocks
. . [H-[C)(-(HD(-(H])-[O] [el:[e]G[c])-[O] | (Ring)
that resist soot formation + Count: Count: 0
s 2 3 LSS GUIE I
Fuel design explores chemical om0 /j\ﬁ’lifﬁlf‘f"]"m”‘“i"g’ /&\ 40 90
. . By S~ YS81:296+84 AN YSl: 1775+ 156.5
space where we lack existing Teaining #: 577 T aining 126
measurements X s SN .
«  Provides detailed information per each sty
carbon type to design low sooting fuel
candidates

PI: Kim & St. John, NREL

Outcome: provides user friendly web app for Co-Optima teams. This tool help to design low

sooting fuel candidates based on carbon types

https://ysipred.herokuapp.com m



3 Progress SPR @
Using SPR learnings toward optimizing bioblendstock properties

From SPR learnings evaluated blends of
bioblendstocks to optimize beneficial
properties 50/50 mol % Blends

« Evaluated blends of high RON low S with low S
high RON

o]
u

20.2

[}
o

Measured Values

=
u

High S bioblendstocks containing double
bonds tend to rapidly increase S when
blended with low S bioblendstocks

« Demonstrated clearly with a-pinene and prenol

=
[=]

Caclulated values via
linear blending rules

Octane Sensitivity

u

o

«  Occurs across functional groups (esters, ketones, Prancl Ethyl Acetate | | Plnene Ethyl Lactate
alcohols all interact synergistically with olefinic M\}l 1 _/o_{ @ +Hc/\oj\l/c“,
compounds Hy HC Hs w7 &

. . . NeatS=19 Neat§=-2 Neat S=23 Neat5=-1

- Combinations of a-pinene and ethyl lactate et et “ =
showed the strongest S synergy.

«  Often occurs via extreme MON suppression and
blends often overcome antagonistic RON blending

Pl: Davis, SNL

Outcome: demonstrated potential for synergistic combinations of bioblendstocks for optimized
octane S means compounds with strong RON performance and poor S should not be excluded




3 Progress PP
Property predictions for blendstock targets

STRUCTURE-PROPERTY MOLECULAR PROPERTY BLENDSTOCK/
RELATIONSHIPS CLASSES PREDICTIONS BLENDED FUEL

High throughput tools
(computational / experimental)

Theoretical/quantum
chemistry calculations

Machine learning

Select experimental data for
validation




3 Progress PP @
Accuracy in predicting fuel properties: vapor pressure case study

Reid Vapor Pressure (RVP) is an
important fuel property which affects Reid Vapor Pressure Predictions Using ASPEN Plus Versus

. Experimental Measurements
behavior .
« Vapour pressure affects properties such as (. | *ASPENRVP mSRKKD 4 BK10
spray formation, fuel injection fuel storage I *NRTL | @ Wilson
and handling 60 1 f UNIFAC -UNIF-DMD_ _

psia

u
[}

*  Predictions from 9 models were compared
to dry vapor pressure for 19 oxygenates —
alcohols, acetates, ketones, methoxy
benzene, and dioxolane — in CARBOB at
10, 20, and 30 vol%

«  Cubic Plus Association Equation of State
model (CPA) and the UNIFAC activity
coefficient method with Dortmund activity 3.0 35 40 45 50 55 60 65 7.0
coefficients (UNIF-DMD) predicted RVP Measured RVF, psia
most accurately.

o
=]

I'-'Edicted RVP,
[

hin
o

10% ethanol in
CARBOB (E10)

w
w
I

w
o

Pl. Gaspar, PNNL

Outcome: results allow determination of vapor pressure for new blendstocks prior to synthesis
or that are available in limited quantities




3 Progress PP

Accuracy in predicting fuel properties:

Statistically associating fluid theory
produces high accuracy prediction
* Model is easily applied to Sl fuels

o Validation BOBs © 2016 NREL BOBE-01

- Benchmarked to 7 BOBs, %AAD = 3.66 A:: 1 A: T g;ﬁﬁgy
Tested against a range of oxygenates, S /’/ Sv s
including alcohols, esters, ketones, ethers Em & gw - Q;ve/
blended into a Summer and Winter BOB 2 z’/}/ £ f}“
* % AAD for Summer and Winter BOB blends ol . |
are 3.48 and 2.58, respectively o e o @ % % I N
RVP suppression effects of oxygenates 2 E LEE e — *
blended into a Summer BOB o I A s e O A~
« Important in refinery applications gm Q 1 ==
- RVP suppression = less fuel loss due to A e s S G I i 78 e
volatility issues e el ey J

« RVP suppression occurs for larger n- T
alcohols, branched alcohols, most esters,
and some ketones — no non linear blending

observed for molecules evaluated
Pl. George, SNL

Outcome: accurate prediction model leads to better understanding of the molecular interactions
controlling RVP in oxygenates and RVP suppression




3 Progress PP

High throughput screening tool for evaluating fuel properties

Machine learning framework rapidly | N
classifies molecules by RON, MON, ]
Octane Sensitivity, Cetane Melting P 8

Point and Threshold Sooting Index DI o 1

- Determined the positive effects of i : &'&*p«“ < ;
hydrogenating sesquiterpenes on cetane ® I— no ?

« Screened thousands of molecules for light o el W 8 ) e—_E
duty properties, allowing the exclusion of
low quality molecules prior to costly

evaluation

» Ranked potential methyl ketones by RON
and Cetane, driving work in research on
production of competing biological routes

Lactones

Probability RON > 97.6

Nearly every molecule under
consideration by Co-Optima has been
evaluated for Cetane and RON as a first
order screening

a
Probability CN > 40

Pl: Hudson, SNL

Outcome: provides atool for rapidly screening the suitability of biocompounds as potential fuels

Software has been distributed Open Source at https://www.github.com/sandialabs/BioCompoundML m



3 Progress PP

Investigation of SPRs in blends shows novel combustion behavior

Investigating structure-property
relationships lead to discovery of new
blending phenomenon

« Adding prenol to base fuels boosts RON
beyond the neat RON of both prenol and RON

« Finding lead to prenol being included in the
Top 10 Boosted Sl

« Large boost in octane sensitivity

g

=%-RBOB 1

] 8
B

-=-RBOB 2

b4

FrniEEEs : I o o e i —+-RBOB 3

-+-RBOB 4

Pl’eno’ -e-Surrogate
=»-E£10 Surrogate
*\/\OH

= =Neat Prenol

Research Octane Number
w
~N

g 8

Phenomenon suggests an unexplored
aspect of autoignition kinetics 5 3

. : 0 10 2 30
o Understandlng mechanism can enable Volume of prenol blending into base fuel [%]
discovery of new fuels, heretofore overlooked

Pl. George, SNL

Outcome: new molecule selection; prenol in base blendstock has one of the highest merit
functions for boosted Sl fuels. Understanding mechanism may enable discovery of new fuels.




4 Relevance @
Connected to BETO and stakeholders

BETO Program

VTO Program Interactions

Interactions

<

Co-Optima

Requirements Data and Outputs




4 Relevance
Integral part of BETO Strategy

BETO 2016 MYPP: Conversion R&D “develops commercially viable technologies for ...
energy-dense, fungible, finished liquid transportation fuels ...”. The focus is on “key
processing components that form technology building blocks” for “deconstruction

and fractionation” and “synthesis and upgrading.”

Co-Optima is identifying what fuel properties enable highly
efficiency and clean engines.

» Identifies critical fuel properties (Merit Function)

» ldentifies specific targets (structure-fuel property
relationships)

* Provides retro-synthetic analysis that connect to BETO’s
pathways (and others)

This compliments BETO'’s focus on what “processing
components” could be used to produce bio-blendstocks

Addresses what does
an engine want and
what should we make

Impact: provides options for producers in a way that does not pick winners




4 Relevance
SPRs will lead to reduced emissions

BETO MYPP: “Co-development of fuels and engines has proved successful for
controlling criteria pollutants ... and reduced GHG emissions.”

Co-Optima research is addressing: 6
» Emission profiles (on a subset of 0.
bioblendstock candidates) i
« Diesel engine advancements — fuel Yaf
options that burn cleaner k5
. e © 3p
» Advanced compression ignition c4 2
combustion modes — fuel options that = oLl
approach diesel efficiency with lower j:j I
emissions 8 1 LLERRRRRTR]
c
©
2 0 L L I N
gv 1000 1400 1800 2200 2600 3000
- Temperature [K]

Impact: cleaner air, lower cost,* reduced greenhouse gas emissions
* Cost of emission control on heavy duty truck can approach the cost of the engine




5 Future Work

Look ahead at next 18 months

Oct15 Oct16 Oct’17 Oct’18| Oct19 Octf20 Oct’21 Oct’'22 Oct'23 Oct'24

Stoichiometric SI
Light Boosted. ).--. ------------------------------------------- *

Duty Downsized > YRR RIS R R >»
Multi-mode SI/ACI

. Mixing controlled
Medium/ Overall Lean >0 NS SRR P >
Heavy Compression

Duty Ignition Kinetically controlled

Cross-cutting Tool
Development ’*

Project start @ Foundational tasks ==3»  Cross-cutting tool Offramp (core .
TRL 4 achieved ®  co-optimization project —==3» development program, FOAs, etc)



5 Future Work @
Targeting other combustion modes & key challenges in next 18 months

End of FY19 FY19to FY21
Complete SPR-PP work to inform MCCI merit activities Target MM and KC
0,000 \}e’,}j;\er}izdo@z
& &””%*po & @”'°f°a>\\“0.ﬂ;‘°é\««\’i®°0,,¥<\v L L
KR e e\ @ é\?‘_’bo\"bo.é"\\e”b 'i‘||'_ T .
\.O.F\(\c)&(\iﬁ”lo(\(}’b(@ e\‘\%}\&\»qbe'&;é&z(‘é\o@% &O.F\é\do'b(@o\gﬁi\\bo\\aoa - ‘!:\ﬁ - - ih L
Tier Criteria | o& I ARy o’\bofo& W &L 6‘9\)‘3‘& o 'L?‘Qa"d ‘?q@
cetane  (HHHEEHEEEEERNEENR
tivvikg) (HIINNEN EREEENEE Boosted S | Multi-mode S/ACI
Flash Pt (°C) =============== FY17 - FY18 FY19 - FY20
watersolmg | EEEE BEEEER Medium//{eavy-Duty
vsl EEEE BN EEEEEEEm g

End of FY20 %‘{
Establish important multi-mode properties and sl e
. Mixing Controlled J| Kinetically Controlled
complete SPR-PP workflow to enable multi-mode FY18 - FY19 FY20 - Fy21

candidate selection

Selected FY19 Milestones

Multi-mode Collect octane sensitivity data for BioCompound ML tool Q1
MCCI MCCI + Oxygenate predictive models completed using equations of state modelling Q3
Multi-mode Blending model able to predict fuel properties from blends of individual, Co-Optima Q4
combustion fuel components at 10, 20, and 30% into a complex blendstock




5 Future Work @
MCCI case study: Understanding ether structure on fuel properties

Fuel property prediction tools can be Reductive Etherification

leveraged to evaluate ether structure

effects on key heavy duty criteria A "0H

« Ethers have exceptionally high cetane and low + — %
sooting tendency o /\)\/\

«  However, flash point is a key ASTM and Tier 2 /\)l\/\ 4-Butoxyheptane
safety criteria for diesel fuel that can limit the
application of ethers

Structure-property relationships inform Predicted Ml Measured M T

targeted conversion pathways i N -

Carbon chain length criteria for ether flashpoint T~ —. = tl Cotmne 76
used to dictate viable C-C coupling strategies 5 II ¥si -

«  Approach used to evaluate both linear and git ) ——— - o ::3 442 Milkg
branched ethers that can be accessed from short & —— E——— -
chain carboxylic acids ® o ~an T e :

»  Predicted vs. measured fuel properties matched . i - 2aze e
well for flash point criteria, with future work to 0
evaluate other key Tier 2 MCCI criteria ® e o o o o o

Pl: Vardon, NREL

Outcome: understand impact of branching locating and chain length on ether MCCI fuel
properties; enable ether candidate selection for MCCI applications




5 Future Work @
Multi-mode case study: understanding mechanisms of ¢ -sensitivity

1000
Theoretical chemistry can be used to
understand ¢-sensitivity for multi-mode
applications
*  @-sensitivity is change in ignition delay with
respect to air-fuel ratio, governed mainly by

100

(g-sensitivity)
@ Low
(Octane number)

Temperature

Ignition Delay (ms)
=

-t

High Temperature

intermediate-temperature heat release 0.1 (Spot formation)
. . . 08 09 10 11 12 13 14 15 16 17
* Important property for multi-mode applications Temperature (1000K /T)

« Kinetically controlled by chain branching reactions

— but mechanisms poorly understood High @-sensitivity

» This task seeks to use theoretical chemistry Low @-sensitivity
. . . 3 - - 376
understand the formation rates of key radicals in e A /[usingFire 191]| ..
these reactions and how they vary by functional 369 \ ;\V 374
rou < 368 l“*-‘!.:. 3733
group :L’- 367 ' Sy s
< 366 J \ g
365 1| n= 370
b Debbcioiglebien 15 0., N I [
~+-Gasoline, Pin =2 bar |
—_——

363 v
035 037 039 041 043 045 047 049
Charge Mass Equivalence Ratio [¢,,]

Figure from Dario Lopez-Pintor and John E. Dec

Pl: Kim, St. John

Outcome: mechanistic insight into the molecular basis for phi sensitivity will enable molecule
selection for multi-mode applications




Summary for SPR — PP Effort

» Determined underling science that confers particular properties to given
chemical structures

» Built high-throughput property prediction tools to enable rapid evaluation of
bioblendstock properties

» Generated bioblendstock candidates for the Co-Optima Bioblendstock
Generation, Characterization and Analysis efforts

« Transferred data, insights and tools to other BETO programs and stakeholders

« Laid foundations to implement tools and findings to advanced combustion
approaches in future efforts



Back-up slides

34



Summary for SPR — PP Effort
* SPR are developed to determine which chemical families are appropriate / inappropriate
SVEriEN for given combustion modes
« SPR and PP are used to establish bioblendstocks within appropriate families to be
evaluated in the generation-characterization-analysis cycle

» Define key properties for given combustion mode
» Define suite of chemistries and functional groups
Approach « Establish influence of theses chemical families on properties
» Develop tools to predict properties of range of bioblendstocks within chemical families
+ Determine blendstocks to be evaluated in generation-characterization-analysis cycle

* SPR -built new high-throughput tools to key into which structural features influence RON,
MON, S, cetane and sooting.

» Evaluated 1000s of samples including all bioblendstocks under consideration in Co —optima

* PP - Developed prediction and classification tools to rapidly screen 1000s of molecules in
terms of RON, MON, CN, YSI TSI

» devised new methods for predicting key bioblendstock physical properties (e.g. RVP, HoV,
energy density) to inform Sl and MCCI bioblendstock selection.

» Data fed to downstream efforts and lead to development of highest merit function BSI
molecules and MCCI merit table under development.

* Enhance bioenergy value proposition by identifying bioblendstocks that maximize
Relevance , o o . :
engine performance and energy efficiency, & minimize environmental impacts

» Complete SPR-PP work to inform MCCI merit activities
Future Work » Establish important MM properties and complete SPR-PP workflow to enable MM candidate
selection

Technical
Progress




Acronyms and Alphabetizations

BOB
Boosted SI
Bp
bRON
CN
DCN
HoV

KC

LHV
MCCI
Mp
MON
MM
RON
RVP

S
SPR-PP
YSI

n
c

Blendstock for oxygenated blending

Boosted spark ignition for light-duty vehicles

Boiling point

Research octane number for a blend of gasoline and bioblendstock
Cetane number

Derived cetane number based on ignition delay measurements
Heat of vaporization

Kinetically controlled ignition for heavy-duty vehicles

Lower heating value

Mixing controlled compression ignition for heavy-duty vehicles
Melting point

Motor octane number

Multi-mode ignition for light-duty vehicles

Research octane number

Reid vapor pressure

Octane sensitivity, defined as RON minus MON
Structure-property relationships and property predictions

Yield sooting index

Viscosity

Surface tension



Publications and Presentations

FY19

Discovery of novel octane hyperboosting phenomenon in prenol biofuel/gasoline blends — E. Monroe, J.
Gladden, K. O Albrecht, J. T. Bays, R. McCormick, R. W. Davis, A. George, Fuel, 239, January 3, 2019
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Compounds for Advance Combustion Strategies — E. Monroe, F. Liu, M. Tran-Gyamfi, A. George, and R.
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Discovery of a RON Hyperboosting Phenomenon in Prenol/Gasoline Blends — A. George. ACS National
Fall Conference, Boston, Massachusetts, August 2018.
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