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Abstract
The sooting characteristics of fuels are of high relevance for their application in advanced combustion devices. While practical petroleum fuels are often
mixtures of various components, most literature studies have focused on the numerical and experimental investigation of the sooting behaviors of neat
components, often in terms of the so-called yield sooting index (YSI). Recently, a YSI database was established for 21 neat fuel components and 151 mixtures
of  them.  An  artificial  neural  network  (ANN)  model  was  developed  to  predict  the  YSI  of  fuel  mixtures  with  reasonable  accuracy  by  only  using  the  mass
fractions  of  mixture  components  as  input  features.  However,  pioneering  studies  have  demonstrated  that  if  quantitative  structure-property  relationship
(QSPR)  is  incorporated,  the  ANN  models  can  match  the  measured  physical  and  chemical  properties  of  fuels  very  well  and  provide  insights  into  the
dependence of properties on fuel structures. Thus, in this study, in order to predict the YSI of fuel mixtures with improved accuracy and to understand the
impact of functional groups on the sooting tendency of fuel blends, an artificial neural network (ANN)-based QSPR model is derived by taking functional
group descriptors as input features, in conjunction with the mass fractions of mixture components. The model is cross-validated successfully and gives more
satisfactory results than the literature ANN models, which consider only mass fractions as input features. In addition, the influence of functional groups on
the sooting tendency of fuel mixtures is evaluated for various blending ratios and fuel classes by means of sensitivity analysis.
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Introduction

The design of fuels offers the possibility of simultaneously increas-
ing thermal efficiency and decreasing pollutant emissions for practi-
cal  combustion  devices,  which  requires,  nevertheless,  an  accurate
knowledge  of  the  physical  and  chemical  properties  of  fuel  candi-
dates.  In  addition  to  the  widely  considered  properties,  such  as
octane  number,  cetane  number,  and  heating  value,  the  yield  soot-
ing  index  is  of  growing  interest  due  to  the  increasingly  stringent
emission  regulations  and  the  importance  of  joint  consideration  of
combustion  and  pollutant  performance[1].  The  yield  sooting  index
(YSI),  which  was  proposed  originally  by  the  Pfefferle  group  at  Yale
University,  characterizes  the  fuel-sooting  behavior[2] based  on  the
maximum soot concentration of a methane/air co-flow flame doped
by this fuel.  Literature studies[2−4] determined the YSI values of 428
neat fuel species for various fuel classes, including alkanes, alkenes,
aromatics,  alcohols,  ethers,  and esters.  Very recently,  Cheng et  al.[5]

reported  the  YSI  of  21  neat  fuel  components  and  151  mixtures  of
them. This pioneering study and its valuable datasets open unprece-
dented possibilities for understanding the sooting characteristics of
fuel blends.

Efforts were made in the literature to develop analytic and numer-
ical models for the estimation of fuel properties, such as YSI, mostly
for  neat  fuel  components[3,6−13].  In  previous  work[5],  artificial  neural
network  (ANN)  models  were  proposed  to  estimate  the  YSI  of  fuel
mixtures  by  taking  the  reported  dataset[5] as  the  training  data  and
the  mass  fractions  of  mixture  components  as  input  features.
However,  literature  studies[14−16] have  demonstrated  that  ANN
models  can  predict  the  physical  and  chemical  properties  of  fuels
very  satisfactorily,  including  YSI,  and  provide  insights  into  the

influence of  molecule structures  on properties  if  structure informa-
tion of fuel molecules can be taken into account in ANN models.

Therefore,  in  this  study,  to  predict  the  YSI  of  fuel  mixtures  with
improved accuracy and to understand the impact of molecular func-
tional  groups  on  the  sooting  tendency  of  fuel  mixtures,  an  ANN-
based  quantitative  structure-property  relationship  (QSPR)  model  is
developed.  In  conjunction  with  the  mass  fractions  of  mixture
components,  functional  group  descriptors  are  taken  as  input
features,  following  the  previous  works[14,15].  With  this,  the  present
model  is  supposed  to  provide  increased  prediction  accuracy  and
enable  functional  analysis  beyond  previous  models.  The  model  is
cross-validated  against  the  datasets  reported  by  Cheng  et  al.[5].
Sensitivity  analyses  are  performed  to  evaluate  the  effects  of  func-
tional groups on fuel's sooting tendency for various blending ratios
and fuel classes, which is infeasible with previous models. 

Materials and methods
 

ANN method
The  ANN  model  was  developed  with  the  Tensorflow  Package

provided by Keras[17]. Following previous works[14,15,18,19], the molec-
ular  group  descriptors  were  employed  as  input  features.  For  a
specific  fuel j,  the quantity  of  group i  contained in it  is  denoted by
xi,j and  its  YSI  value  is  indicated  by yj.  To  ensure  a  good  training
convergence,  the input data xi,j and the target data yj were norma-
lized as:

xi, j,normal =
xi, j− x
σx,i

and y j,normal = log10y j
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x σx,ihere,  ,  and  are the mean values and standard deviations of the
numbers of feature i on the entire fuel dataset. The quantity of group
i in the mixture is estimated as the quantity of this group in component
j multiplied by the mass fraction of this component in the mixture.

In  the  ANN  model,  the  input  data  is  transferred  to  the  hidden
layers,  where  the  input  of  each  neuron  consists  of  the  sum  of  the
outputs of  neurons in the prior layer and additional  biases.  Follow-
ing our previous works[14,15,20],  K-fold cross-validation with a variety
of random seeds was considered in the model development, which
rigorously  evaluates  the  model  prediction  accuracy  by  testing  its
performance across  diverse  and statistically  representative  subsets.
The dataset was partitioned randomly into K subsets of identical size
for the training of K models. Each model was trained with a distinct
subset as the validation set, while the remainder was used for train-
ing.  The  model  performance  was  evaluated  based  on  the  values,
including the correlation coefficient (R2), mean absolute percentage
error  (MAPE),  and  root  mean  squared  error  (RMSE)  across  the  K
models.  Due  to  the  influence  of  varying  distributions  of  the  K
subsets  on  prediction  accuracy,  a  number  of  random  seeds  were
utilized,  with  the  selection  of  the  seed  that  yielded  the  optimal
model  performance.  The  implementation  of  a  5-fold  cross-valida-
tion was adopted in this study. 

QSPR method
As the physical and chemical properties of fuels are highly sensi-

tive to their molecular structures, QSPR models are often developed
to  estimate  the  property  values[14,15,20−22].  In  this  study,  an  ANN-
based QSPR model was proposed by providing molecule functional
groups as  input features.  To determine molecular  groups and their
values,  the  library  descriptors  within  the  open-source  cheminfor-
matics software RDKit[23] were used to extract required information
from  molecules,  which  are  represented  by  simple  molecular-input
line-entry system (SMILES) codes[24].  Eight functional  groups,  which
are  involved in  the species  available  in  the dataset[5] and shown in
Table 1, were selected as initial input features. Note that more func-
tional  group  descriptors  and  model  retaining  will  be  required  if
additional  fuel  classes,  such  as  ester  and  ether,  are  added  to  the
training dataset.

As the prediction of YSI may be insensitive to certain features, an
iterative backward feature elimination process[25] was carried out to
obtain  an  optimal  set  of  input  features.  The  feature  combination
with  the  highest  correlation  coefficient  (R2)  was  selected  to  ensure
the  highest  model  prediction  accuracy.  Features  with  minimal
impact  on  generalization  capability  were  eliminated.  It  was  found
that  the  highest R2 was  achieved  by  removing  the  group  Tr.  Thus,
seven features were selected as input features for the final model. 

Computational details
The definition of  hyper-parameters  is  of  high importance for  the

performance of  the ANN model[14,20].  To find the optimal  combina-
tion  of  hyper-parameters  with  low  deviation  and  computational
cost,  the  random  search  method  was  employed  in  this  study  to

assess the model performance for different sets of hyperparameters.
The adaptive moment estimation algorithm (Adam)[26] provided by
TensorFlow[27] was employed as an optimizer due to its high conver-
gence performance. The method used in this work incorporates two
loops  with  cross-validation.  The  first  inner  loop  identifies  the  best
model for different hyper-parameter combinations in terms of mean
RMSE  over  all  cross-validation  splits.  It  is  then  considered  in  the
second loop, where its performance is evaluated based on held-out
test data. The output consists of a list of parameter sets, along with
the  scores  of  the  first  (RMSE_inner)  and  second  loop  (RMSE_test,
r2_test),  facilitating  the  identification  of  the  optimal  set  of  hyper-
parameters.

It  was  found  that  the  optimal  numbers  of  neurons  for  the  two
hidden layers  are 128 and 1,024,  respectively,  and the rates  for  the
two dropout layers are both 10%. The Adam hyper-parameters α, β1,
and β2 are  0.008,  0.9,  and 0.9995,  respectively.  The  activation func-
tion is  ReLU (Rectified Linear  Unit),  and the optimal  training epoch
number is 700. 

Training dataset
The YSI  dataset of  21 neat fuel  components and 151 mixtures of

them reported by Cheng et al.[5] was considered in this work for the
model  training.  Three  fuel  classes,  alkanes,  cycloalkanes,  and
aromatics,  are  involved.  Isomers  are  considered  by  distinguishing
them with functional groups. The YSI of each fuel was employed as a
benchmark metric to evaluate model prediction efficacy. Functional
groups  and  the  mass  fractions  were  integrated  as  input  features
for  model  training.  The  blending  ratios  of  mixtures  are  between  0
to 94%. 

Sensitivity analysis
To  gain  a  deeper  insight  into  the  impacts  of  different  molecular

groups on the sooting tendency of the fuel mixtures, local sensitiv-
ity  analysis  on the input features is  performed by using the pertur-
bation  method[28],  following  our  previous  works[14,15,20].  Each  input
feature was perturbed over the whole dataset with 20% of its stan-
dard  deviation  over  the  dataset.  The  YSI's  sensitivity Si,j on  the
feature xi for a particular fuel species j is calculated as:

S i, j =
∂y
∂xi

∣∣∣∣∣
x j

=
log10 [YS I( Xi, j+0.2σx,i )]− log10 [YS I( Xi, j−0.2σx,i )]

0.4σx,i

∣∣∣∣∣∣
x j

where, xj is the vector of feature values for fuel species j. 

Results and discussion

An ANN-based QSPR model was developed using the approaches
described in the previous section.  Its  performance is  demonstrated
in  this  section.  The  results  of  sensitivity  analysis  are  shown  here  as
well  for  a  deep  understanding  of  the  impacts  of  functional  groups
on the sooting tendency of fuel blends.

The performance of  the  derived ANN-based QSPR model  is  illus-
trated  in Fig.  1.  It  is  seen  that  the  model  predicts  the  YSI  of  neat
components  and  their  mixtures  with  high  accuracy.  An R2 value  of
0.990 is obtained in conjunction with an mean absolute error (MAE)
value of 2.015.

The present model is compared with those ANN models proposed
by  Cheng  et  al.[5] in  terms  of  error  measures,  including  correlation
coefficient,  mean  deviation,  mean  relative  error,  root  mean  square
error, and mean absolute error. The results are shown in Table 2. It is
seen that, regarding all error measures, the QSPR model developed
in  this  study  gives  more  satisfactory  results  than  those  models
developed  by  taking  only  mixture  compositions  as  input  features,
while  some  models  are  proposed  with  ANN  approaches  as  well.
Obviously,  the  incorporation  of  chemical  molecule  information  in

 

Table 1.    Eight molecular groups initially considered as input features.

Group Abbreviation Type

–CH3 P Primary carbon (non-ring, saturated)
–CH2– S Secondary carbon (non-ring, saturated)
>CH– T Tertiary carbon (non-ring, saturated)
>C< Q Quaternary carbon (non-ring, saturated)
–CH2–(ring) Sr Secondary carbon (ring, saturated)
>CH–(ring) Tr Tertiary carbon (ring, saturated)
=CH–ring) Sr* Secondary carbon (ring, unsaturated)
=C<(ring) Tr* Tertiary carbon (ring, unsaturated)
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terms  of  functional  groups  improves  the  performance  of  the
ANN model.

The  results  of  sensitivity  analyses  are  presented  next.  The  aver-
aged sensitivities of YSI of neat components and mixtures on differ-
ent  functional  groups  are  shown  in Fig.  2.  It  should  be  noted  that
some  groups  are  missing  in  certain  fuel  classes.  For  instance,  the
group  Q  is  only  available  in  alkane  fuels.  Thus,  even  though  it  is
numerically  possible  to  estimate  the  sensitivity  of  YSI  of  cycloalka-
nes  and  aromatics  in  group  Q,  this  meaningless  value  is  not
presented and considered for further analysis.

As shown in Fig. 2, while the impacts of some groups, such as S, Q,
Sr,  and  Tr*,  increase  by  blending,  the  groups  T  and  Sr*  have  a
smaller  influence  in  the  mixtures  than  in  the  neat  components.
Moreover,  it  is  interesting  that  the  sensitivities  of  YSI  of  blends  on
groups can be significantly different from those of the neat compo-
nents,  for  instance,  for  the  P  group.  This  can  be  attributed  to  the
relatively  high  composition  of  alkanes  in  the  mixtures  with
cycloalkanes or aromatics. The mixture composition plays an impor-
tant role in the sooting tendency of fuel blends in conjunction with
the functional groups.

Sr∗

The average sensitivities of YSI of mixtures with different compo-
sitions  on  functional  groups  are  shown  in Fig.  3.  For  most  groups,
mixtures  only  consisting  of  alkanes  show  higher  sensitivities  than
other  mixtures.  However,  this  should  be  further  verified  and
analyzed in more detail, as the input datasets contain only one fuel
mixture that  is  solely  composed of  alkanes.  More data and analysis
are required to confirm this very high sensitivity. For blends of alka-
nes  and cycloalkanes,  the functional  groups T  and  show oppo-
site effects on the YSI compared to other mixtures. With the excep-
tion  of  blends  composed  only  of  alkanes,  the  mixtures  containing
alkanes, cycloalkanes, and aromatics in the dataset exhibit the high-
est sensitivities in most functional groups.

Group Q exhibits consistently large negative sensitivity across all
fuel  mixtures  and  also  for  neat  components.  Data  from  Pfefferle

et  al.[29] also  show  that  Q-rich  neat  fuels  exhibit  significantly  lower
YSI. This suggests that group Q has a positive effect in reducing the
sooting  tendency  of  both  neat  and  blended  fuels.  The  reason  for
this  may lie  in  the  inhibited production of  soot  precursors,  such as
acetylene  and  propyne,  during  the  oxidation  and  combustion  of
Q-rich fuels.

For a deeper insight,  the sensitivities of YSI  on functional groups
are also determined for different blending ratios of fuel classes. The
results are shown in Fig. 4. For alkanes, notable sensitivities on func-
tional  groups  are  observed  for  blending  ratios  of  60%–70%,  while
impacts  of  functional  groups  are  more  pronounced  at  blending
ratios  of  <  40%  for  cycloalkanes  and  aromatics.  Interestingly,  for
alkanes at blending ratios of roughly 60%, the functional groups Sr
and Sr* can have both positive and negative influences on the soot-
ing behaviors of different blends. This can be observed for cycloalka-
nes and aromatics at small blending ratios as well. The impact of the
secondary  carbon  group  on  the  YSI  is  obviously  ambiguous  and

 

Fig. 1    Comparison of measured and predicted YSI values.

 

Fig. 2    Averaged sensitivities of YSI of neat components and mixtures
on different functional features.

 

Table 2.    Prediction performance of the ANN model developed in the present
work compared with literature models.

Model
Correlation
coefficient

(R2)

Mean
deviation

(MD)

Mean
relative error

(MRE)

Root mean
square error

(RMSE)

Mean
absolute

error (MAE)

Linear[5] 0.9640 4.24 13.72% 5.41 4.24
ANN[5] 0.8349 5.43 15.39% 8.30 7.15
S-ANN[5] 0.9796 2.27 6.55% 3.12 2.22
QSPR-ANN 0.9900 1.85 2.29% 2.67 2.01

 

Fig. 3    Averaged sensitivities of YSI of mixtures on functional features.
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depends  on  mixtures.  For  the  other  five  groups,  their  impacts  for
different fuel classes are, in general, consistent.

In  summary,  group  Q  suppresses  the  soot  formation  of  fuel
mixtures  significantly,  while  group  Tr*  strongly  enhances  the  soot-
ing tendency. Sr and Sr* can have both positive and negative influ-
ences  on  the  sooting  behaviors,  depending  on  the  fuel  blends.
These  observations  provide  valuable  information  for  the  future
design of fuel mixtures with low soot emissions. 

Conclusions

An ANN-based QSPR model is developed in this study to estimate
the YSI  of  fuel  components  and their  mixtures.  In  addition to mass
fractions  of  mixture  components,  functional  groups  of  molecules
are taken as additional input features, establishing a more accurate
ANN  model.  As  expected,  the  present  model  shows  prediction
advantages over ANN models proposed in the literature, which only
consider  mixture  composition  as  input  information.  Moreover,  it
facilitates  the  functional  group  analysis,  and  thus,  the  impacts  of
functional  groups  on  the  sooting  tendency  of  fuel  mixtures  are
explored.  It  was  found  that  the  impact  of  functional  groups  is  not
necessarily larger in mixtures and can be different in mixtures than
in  neat  components.  Regardless  of  the  mixture  components,  the
quaternary  carbon  group  in  the  molecule  structure  can  contribute
to  a  soot  reduction.  Except  for  secondary  carbon  groups,  the
impacts of functional groups are, in general, consistent for different
fuel classes but depend on blending ratios. 
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