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Abstract:  Diesel  accounts  for  over  60%  of  the  products
derived from direct coal liquefaction (DCL). Compared to
petroleum-based  diesel,  DCL  diesel  exhibits  a  cetane
number  ranging  from  30  to  40,  which  fails  to  meet  the
automotive diesel standard requirement of ≥45. Therefore,
rapid  and accurate  analysis  of  its  chemical  composition  is
crucial for property optimization to meet fuel specifications
by  component  blending.  Thought  traditional  methods  like
gas  chromatography  offer  high  accuracy,  they  are
unsuitable  for  rapid  online  analysis  under  industrial  conditions.  Near-infrared  (NIR)  spectroscopy  can  provide  advantages  in
rapid,  non-destructive  analysis.  Its  application  however,  is  limited  by  the  complexity  of  spectral  data  interpretation.  Machine
learning  (ML)  is  effective  method  for  extracting  valuable  information  from  spectra  and  establishing  high-precision  prediction
models. This study integrates NIR spectroscopy with ML to construct a spectral-composition database for DCL diesel.  Feature
extraction was performed using the correlation coefficient and mutual information methods to screen key wavelength variables
and reduce data dimensionality. Subsequently, the predictive performance of three ML models—Lasso, SVR and XGBoost—was
compared.  Results  indicate  that  excluding spectral  data  with  absorbance greater  than 1 significantly  enhances  model  accuracy,
increasing the test set R2 from 0.85 to 0.96. After feature extraction, the optimal number of wavelength variables was reduced to
177, substantially improving computational efficiency. Among the models evaluated,  the SVR-MI-0.9 model,  based on mutual
information feature selection, demonstrated the best performance, achieving training and test set R2 values both exceeding 0.98.
This model enables precise prediction of paraffin, naphthene, and aromatic hydrocarbon contents. This research provides a robust
methodology for intelligent online quality monitoring. An intelligent NIR spectroscopy data analysis software was independently
developed  based  on  the  established  model.  Compared  with  comprehensive  two-dimensional  gas  chromatography,  the  software
reduced  the  analysis  time  by  over  98%,  with  an  absolute  prediction  error  below  0.2%.  Thus,  rapid  analysis  of  DCL  diesel
components was successfully realized.
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Direct coal liquefaction (DCL) diesel is characterized by
its low sulfur and nitrogen compound content,  as well  as a
low condensation point. However, challenge of DCL diesel
is existent due to the lower cetane number than the standard
for  automotive  diesel[1−2].  The  combustion  performance  of
direct  coal  liquefaction  diesel  is  determined  by  its

composition[3−5].  Currently,  the  compositional  analysis  of
direct coal liquefaction diesel primarily relies on traditional
laboratory testing methods, such as gas chromatography and
mass  spectrometry[6−7].  Although  accurate,  these  methods
suffer from long analysis times,  high costs,  and difficulties
in  achieving  online  monitoring[8−9].  Near-infrared  (NIR) 
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spectroscopy  technology  with  wavelength  780−2526  nm
has  demonstrated  significant  potential  in  fuel  property
detection due to its rapidity, non-destructiveness, and thus is
very  suitable  for  online  analysis[10−14].  However,  NIR
spectroscopy  also  exhibits  challenges  such  as  weak
absorption signals, band overlapping, and complex spectral
interpretation[15−16].  Moreover,  NIR  requires  establishing  a
reliable model between spectra and target parameters, a task
that  becomes  challenging  and  prone  to  inaccuracy  with
insufficient sample data.
In  recent  years,  machine  learning  (ML)  has  made

significant  progress  in  spectral  data  analysis.  By
establishing  high-dimensional  nonlinear  models,  ML  can
more  accurately  correlate  spectral  data  with  chemical
composition[17].  For  instance,  methods  such  as  support
vector  machines  (SVM),  random  forests  (RF),  and  deep
learning  (DL)  have  been  successfully  applied  to  determine
the  compositional  information  of  petroleum  products[18−21].
Al-Kaf  et  al.[22]  employed  a  single-layer  neural  network
model  combined  with  NIR spectroscopy to  predict  six  key
properties of diesel, including cetane number, total aromatic
content,  and  density,  achieving  small  errors  between
predicted  and  measured  values.  These  ML-based  NIR
models  facilitate  rapid,  high-precision  prediction  of  diesel
properties,  overcoming  the  limitations  of  traditional
methods  and  laying  a  technical  foundation  for  intelligent
online  analysis.  Nevertheless,  current  research  primarily
focuses  on  petroleum-based  and  biodiesel[23−25].  Studies  on
machine  learning-assisted  NIR  analysis  for  direct  coal
liquefaction  diesel  are  still  in  their  early  stages.  In
particular,  systematic  methodologies  for  deciphering  the
complex relationship between NIR spectra and the chemical
composition of DCL diesel have not yet been established.
This  study  aims  to  integrate  NIR spectroscopy with  ML

to establish a rapid prediction model for the composition of
DCL  diesel.  The  relative  contribution  of  spectral
information  to  each  chemical  component  of  the  diesel  is
evaluated using both the correlation coefficient and mutual
information  methods,  thereby  complementing  traditional
property evaluation with quantitative composition analysis.

By  constructing  a  NIR  spectral-composition  database  for
DCL  diesel,  key  features  are  screened  through  relevant
feature extraction methods. ML algorithms are then adopted
to predict the group composition of the diesel based on the
NIR  spectral  data  with  ultimate  goal  of  rapid  analysis  of
DCL liquid products. The research outcomes can be applied
to monitor the production process and control the quality of
DCL  diesel,  enabling  a  transition  from  offline  laboratory
testing  to  industrial  online  analysis.  Furthermore,  by
monitoring  the  diesel  composition  in  real  time,  process
parameters can be dynamically adjusted to optimize product
performance,  thereby  enhancing  production  efficiency  and
product quality.

 1    Data collection and modeling methodology

 1.1    Data collection

The DCL diesel used in this study was obtained from the
Ordos  coal-to-liquids  plant  of  Shenhua  coal-to-liquids  and
Chemicals  Co.,  Ltd.  The  diesel  fuel  was  first  fractionated
using  a  PILODIST  fully  automatic  true  boiling  point
distillation  unit.  The  distillation  was  carried  out  in  10  °C
increments  per  fraction,  and  the  detailed  data  from  the
fractionation are presented in Table 1. To further expand the
dataset, fractions with larger quantities were sub-sampled at
400  mL  intervals.  The  suffixes  (1),  (2)  and  (3)  in  the
procedural  numbering  represent  samples  from  the  lower,
middle,  and  higher  temperature  ranges  of  a  given  fraction,
respectively.  Comprehensive  two-dimensional  gas
chromatography coupled with mass spectrometry (GC×GC-
MS)  was  employed  to  analyze  the  various  fractions  of  the
direct  coal  liquefaction  diesel.  High-purity  nitrogen  was
used  as  the  carrier  gas.  The  oil  samples  were  diluted  with
dichloromethane  (0.1  μL  of  sample  in  1  mL)  prior  to
GC×GC-MS  analysis.  The  chromatographic  system  was
equipped  with  a  DB-1  (15  m)  and  a  BPX-50  (2.7  m)
column. The injector temperature was set at 280 °C, with an
injection volume of 1 μL and a split ratio of 10∶1.

 

Table 1    Composition data of various distillation fractions in direct coal liquefaction diesel
 

Distillation range
/°C

Volume
/mL

Alkanes
/%

Cycloalkanes
/%

Aromatics
/%

Distillation range
/°C

Volume
/mL

Alkanes
/%

Cycloalkanes
/%

Aromatics
/%

140−150 86 − − − 200−210(1) 400 7.0 91.4 1.6

150−160 125 10.7 88.1 1.2 200−210(2) 400 7.3 91.1 1.6

160−170 313 9.4 89.6 1.0 200−210(3) 136 11.0 86.8 2.2

170−180(1) 400 7.3 91.7 1.0 210−220 396 14.9 82.4 2.7

170−180(2) 145 10.4 88.8 0.7 220−230 531 12.6 84.7 2.7

180−190(1) 400 7.6 91.7 0.7 230−240 396 20.0 76.5 3.5

180−190(2) 184 6.0 93.2 0.8 240−250 324 22.7 74.7 2.6

190−200 194 6.1 92.4 1.5 250−260 237 29.1 68.8 2.1
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The  temperature  program  was  as  follows:  initial
temperature  held  at  60  °C  for  5  min,  ramped  to  120  °C at
3  °C/min  and  held  for  10  min,  then  ramped  to  200  °C  at
2 °C/min and held for 2 min, and finally ramped to 280 °C
at  4  °C/min  and  held  for  10  min.  The  FID  detector  was
operated under the following conditions: hydrogen flow rate
of 40 mL/min, air flow rate of 400 mL/min, and a detector
temperature  of  285  °C.  The  MS detector  parameters  were:
ion  source  temperature  230  °C,  interface  temperature
280 °C, electron energy 70 eV, acquisition rate 50 Hz, with
a  5  min  solvent  delay  applied.  The  modulator  used  a
300  ms  hot  pulse  and  a  6  s  modulation  period.  Data  were
processed  using  GC  Image  software,  and  mass  spectral
matching  was  performed  using  the  NIST  database.  The
quantitative information for each fraction was based on the
FID detector signal, and the relative content percentages of
the components were determined by normalization.
Near-infrared  (NIR)  spectra  were  collected  using  an

Agilent  Cary  5000  UV-vis-NIR  spectrophotometer.  The
wavelength of the spectra is ranged of 700−2500 nm with a
1 nm intervals. The baseline was corrected using air in dual-
beam  mode,  and  undiluted  fractionated  oil  samples  were
analyzed  directly  using  a  2–4  mL  quartz  cuvette.  To
construct a mixed mixed-sample dataset, a base mixture was
first  prepared combining 1 mL of each of two different  oil
fractions.  Then,  three  other  fractions  were  sequentially
added to this base mixture in 0.5 mL increments for spectral
measurement. A total of 238 NIR spectra were tested in this
work.

 1.2    Model establishment and evaluation methods

The ML models were constructed with the absorbance at
each NIR wavelength as the input variable and the oil group
composition  as  the  output  variable  to  establish  a  mapping
relationship  for  the  intelligent  analysis  of  diesel  group
composition.  Given  the  regression  task  characteristics
involving  continuous  target  variables,  three  representative
machine  learning  models  were  selected  for  comparative
analysis  in  this  study:  Lasso  regression[26],  SVR[27−28]  and
eXtreme  Gradient  Boosting  (XGBoost)[29].  Among  them,
Lasso  regression  can  enhance  generalization  capability  by
introducing  L1  regularization  to  reduce  redundant  features
and noise interference. SVR, based on kernel functions that
map  data  to  a  high-dimensional  space,  is  particularly
suitable  for  handling  small-sample,  high-dimensional
nonlinear regression problems. XGBoost integrates multiple
decision  trees  using  a  gradient  boosting  framework,
combined  with  regularization  methods  and  parallel
computing,  which  demonstrate  excellent  robustness  when
processing high-dimensional, complex nonlinear data.
A  systematic  comparison  of  the  three  models  was

conducted  to  identify  the  most  suitable  method  for  NIR
spectral  analysis.  When  building  models  using  datasets
obtained  from  different  feature  selection  methods,  the
hyperparameter  tuning  ranges  were  kept  consistent  across

all  models.  This  approach  eliminated  the  influence  of  the
hyperparameter  search  space  and  allowed  for  an  objective
evaluation of the wavelength selection methods. The Lasso
and  SVR  models  were  implemented  using  the  scikit-learn
package,  with  the  radial  basis  function  (RBF)  used  as  the
kernel  for  SVR.  The  XGBoost  model  was  built  using  the
XGBoost  package.  During  the  model  training  process,  the
optimal combination of hyperparameters was identified via
an exhaustive grid search over the parameter space defined
in Table 2.
The  dataset  was  partitioned into  training  and test  sets  in

an 8∶2 ratio using a random splitting method, designated for
model  training  and  performance  evaluation.  In  ML  model
construction,  four  metrics  are  commonly  employed,
including  mean  squared  error  (MSE),  root  mean  squared
error  (RMSE),  mean  absolute  error  (MAE),  and  the
coefficient  of  determination  (R2).  Among  them,  MSE
reflects  the  model’s  error  by  calculating  the  square  of  the
difference  between  predicted  and  true  values.  MSE
amplifies  the  impact  of  points  with  large  prediction  errors
during  evaluation,  thereby  imposing  a  stricter  penalty  on
significant  model  deviations.  RMSE  is  the  square  root  of
MSE,  sharing  the  same  units  as  the  target  variable,  which
facilitates  intuitive  interpretation.  However,  RMSE  may
perform  less  favorably  for  models  with  uniformly  small
errors.  As  to  MAE,  it  directly  computes  the  absolute
difference  between  predicted  and  true  values,  making  it
insensitive  to  outliers.  Yet,  MAE  cannot  distinguish
between  large  and  small  errors  and  is  non-differentiable
during optimization, preventing the use of gradient-descent-
based  algorithms.  R2  is  commonly  used  to  measure  the
closeness  of  the  model’s  predictions  to  the  true  values,
which  can  provide  an  intuitive  indication  of  the  model’s
goodness-of-fit.  Given  the  continuously  differentiable
mathematical property, MSE is highly suitable for gradient
descent optimization algorithms. Its use during optimization
directs  the  model’s  focus  towards  significant  errors,  thus
helping  to  improve  the  overall  accuracy  of  the  model.
Therefore,  MSE  was  selected  as  the  loss  function  for  the
model  training  process.  As  a  dimensionless,  standardized
metric, R2 clearly and intuitively indicates the proportion of
variance  in  the  data  explained  by  the  model.  It  is  suitable
for  comparing  performance  across  different  models  or
datasets,  providing  a  comprehensive  evaluation  of  the
goodness-of-fit for the model. Consequently, R2 was chosen
as the primary metric for evaluating model quality.
 

Table 2    Hyperparameter optimization ranges by model
 

Model Hyperparameter
Lasso alpha: 0.0001, 0.001, 0.01, 0.1, 1, 10, 100, 1000
SVR c: 0.0001, 0.001, 0.01, 0.1, 1, 10, 100,1000

epsilon: 0.01, 0.1, 0.2, 0.3
gamma: 0.001, 0.01, 0.1, 1, 10, 100

XGBoost n_estimators: 10, 20, 30, 50, 100, 200, 300
max_depth: 1, 3, 5, 7, 9
learning_rate: 0.001, 0.01, 0.1, 0.2, 0.3
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 1.3    Wavelength selection methods

The  raw  NIR  spectral  data  are  characterized  by  high-
dimensional, comprising absorbance values at thousands of
wavelengths.  This  data  includes  both  effective  information
reflecting  molecular  vibrations  and  irrelevant  signals  such
as  instrument  noise  and  environmental  interference[17].
Directly  using  the  raw  data  to  build  ML  models  can
increase  model  complexity  and  computational  costs  due  to
the high-dimensional features, which is disadvantageous for
real-time  monitoring.  Besides,  this  treatment  may  also
reduce  the  model’s  prediction  accuracy  and  generalization
capability  due  to  noise  interference[30].  To  address  these
issues,  this  study  employed  two  methods,  the  correlation
coefficient  and  the  mutual  information  methods,  to  screen
the  NIR  spectral  wavelengths,  thereby  extracting
informative features and improving model performance.
The correlation coefficient  method[31],  also known as the

Pearson  correlation  coefficient,  can  quantify  the  linear
relationship  between two variables.  Its  value  denoted by r.
ranges  between  −1  and  1,  where  |r|  value  closer  to  1
indicates  a  stronger  linear  relationship  between  the  two
variables,  and  the  sign  indicates  a  positive  or  negative
direction. It can be calculated using Equation (1).

r =
cov(X,Y)
σX ·σY

=

∑n

i=1

(
Xi− X̄

) (
Yi− Ȳ

)
√∑n

i=1

(
Xi− X̄

)2
·
√∑n

i=1

(
Yi− Ȳ

)2
（1）

X̄
Ȳ

where  cov(X,  Y)  represents  the  covariance  of  variables  X
and Y;  σX and σY are the standard deviations of variables X
and Y, respectively; n is the sample size; Xi and Yi are the i-
th observed values of variables X and Y, respectively; and 
and    are  the  mean  values  of  variables  X  and  Y,
respectively.
The  mutual  information  method[32]  measures  the

nonlinear  relationship  between  two  random  variables  by
calculating  their  mutual  information.  It  can  assess  the
correlation between the target variable and feature variables.
The  mutual  information  method,  unlike  the  correlation
coefficient one, can capture not only linear relationships but
also  effectively  identify  nonlinear  dependencies  between
variables. It can be calculated using Equation (2).

MI (X;Y) =
w

X

w
Y

p (x,y) log
p (x,y)

p (x) p (y)
dxdy （2）

where  X  represents  the  target  variables  of  the  direct  coal
liquefaction  diesel:  the  content  of  alkanes,  cycloalkanes,
and aromatics; Y represents the feature wavelength; MI(X,Y)
is  the  mutual  information  value;  p(x,y)  is  the  joint
probability  density  of X  and  Y;  and  p(x)  and  p(y)  are  the
marginal probability densities of X and Y, respectively.

 1.4    Software establishment

To further enable the intelligent analysis of NIR spectral
data  and  enhance  the  usability  of  the  methods  and  models
developed in this study, a dedicated software was developed
using  PySide6.  The  software  interface,  algorithms,  and
models  were  subsequently  packaged  into  an  executable
application using auto-py-to-exe.

 2    Results and discussion

 2.1    Preliminary screening of NIR spectral data

The  raw  data  consists  of  NIR  spectral  absorption
intensities across the 700−2500 nm range. However, due to
its  high-dimensional  nature  and the  presence  of  substantial
redundancy  and  noise,  direct  use  for  modeling  would
increase  computational  burden  and  reduce  prediction
accuracy. Wavelength screening can effectively simplify the
model  structure,  reduce  computational  complexity,  and
simultaneously  enhance  prediction  performance  and
generalization capability. Figure 1 shows the NIR spectra of
various  fractions  of  DCL  diesel.  Saturated  signals  with
absorbance values equal to 10 are observed around 1700 nm
and within  the  2200−2500 nm range.  These  spectral  bands
contain  limited  information  and  exhibit  elevated  noise
levels, which may adversely affect the accuracy of machine
learning  models.  A  comparison  of  Figures  1(b)  and  1(c)
reveals  significant  spectral  differences  in  the  1100−1500
and  1780−2260  nm  wavelength  ranges,  suggesting  these
may  be  key  spectral  regions  for  characterizing  the  group
composition of the diesel.
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Fig. 1    The near-infrared spectra of various distillation fractions of direct coal liquefaction diesel at wavelength ranges of
700−2500 nm (a), 1100−1500 nm (b) and 1780−2260 nm (c)
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Therefore,  this  study  first  applied  an  absorbance-
threshold-based  method  for  preliminary  band  screening,
followed  by  further  optimization  of  feature  wavelength
selection  using  the  correlation  coefficient  method  and
mutual information method.
The predictive performance of the SVR model using the

raw data was compared with that using data processed with
absorbance  elimination  thresholds  (1)  and  (2).
Hyperparameter  optimization  ranges  for  the  SVR  model
were  kept  consistent  to  ensure  a  fair  comparison.  The
prediction results of the test set and training set for the three
tasks are presented in Figures 2−4, where NIR-O represents
the  original  data,  and  NIR-1  and  NIR-2  represent  the  data
after eliminating absorbance values greater than (1) and (2),
respectively.  Overall,  the  SVR  model  trained  on  raw  data
exhibited noticeable overfitting. In contrast, models built on
data  filtered  by  absorbance  thresholds  demonstrated

significantly improved performance. For the alkane content
prediction  task  (Figure  2),  the  raw  data  caused  noticeable
overfitting  due  to  noise  interference,  evidenced  by  a  0.144
difference in R2 between the training and test sets. Applying
an  elimination  threshold  of  2,  the  model  performance  is
improved.  The  percentage  of  data  points  with  an  absolute
error  <1  in  the  training  set  can  reached  99.5%,  superior  to
97.9% with  raw  data.  The  percentage  of  test  set  data  with
errors  <0.5  increased  to  75%,  superior  to  58.3% with  raw
data. And the percentage of data with errors >1 was reduced
to  2.1%,  superior  to  20.8%  with  raw  data.  Optimal
performance was achieved with a threshold of 1:  99.5% of
the  training  set  data  had  errors  <0.5  with  no  data  points
having errors >1, 87.5% of the test set data had errors <0.5,
and the percentage of data with errors >1 remained stable at
2.1%.
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For  the  cycloalkane  content  prediction  task  (Figure  3),
the  model  performance  was  optimal  with  an  absorbance
threshold of  1,  followed by a threshold of  2,  while  the use
of  raw  data  yielded  the  poorest  results.  Although  the
distributions of predicted data points for thresholds 1 and 2
appeared  similar,  a  detailed  statistical  comparison revealed
distinct  performance  differences.  On  the  training  set,  the
model  with  threshold  1  achieved  absolute  errors  all  below
0.5  (accounting  for  98.4%  of  data),  with  no  data  points
exhibiting  errors  greater  than  1.  This  significantly
outperforming  the  threshold  2  model  (where  errors  <0.5
accounted for 88.4% of data, and data points with errors >1
were  present).  On  the  test  set,  the  model  with  threshold  1
achieved  errors  <0.5  in  85.4%  of  data,  which  is  again
superior to threshold 2 (70.8%). The performance of model
trained on raw data is comparable to the threshold-2 model.
However, its errors increased substantially, with data points
having  errors  >1  accounting  for  25%,  demonstrating  clear
overfitting.
For  the  aromatics  content  prediction  task  (Figure  4),  the

models under all three input conditions performed well. The
model  using  the  threshold  of  1  is  the  optimal,  which  is
consistent  with  the  trends  observed  for  the  alkane  and
cycloalkane predictions. On the training set, the model with
the threshold of 1 achieved a percentage of data points with
prediction errors >0.05 reaching 95.2%. This is significantly
outperformed the results from the raw data (71.4%) and the
threshold of 2 (75.7%). On the test set, the model using raw
data  showed  the  poorest  performance,  with  data  points
having  errors  >0.05  and  >0.1  accounting  for  37.5%  and
35.4%,  respectively.  In  contrast,  the  percentage  of  data
points with errors >0.05 for the model with the threshold of
1  was  improved  to  81.3%,  representing  the  best
performance.
A  systematic  comparison  of  SVR  model  performance

using  raw  data  versus  data  processed  with  absorbance
thresholds of 1 and 2 demonstrated that the model achieved
optimal  predictive  performance  for  alkanes,  cycloalkanes,
and  aromatics  when  the  threshold  was  set  to  1.  Although
some  improvement  over  raw  data  was  observed  at  a
threshold of 2, the enhancement was limited. This indicates
that  data  with  absorbance  values  greater  than  2
predominantly  interference  or  noise  rather  than  useful
chemical  information  and  should  therefore  be  discarded.
Furthermore,  eliminating  data  with  absorbance  values
greater than 1 effectively removes instrument-related errors
while  preserving  critical  spectral  information.
Consequently,  this  approach  significantly  enhances  model
accuracy compared to using raw data directly.

 2.2    NIR spectra selection

The  initial  screening  of  wavelengths  based  solely  on
absorbance (NIR-1) produced a model with the satisfactory
predictive  capability  for  the  content  of  alkanes,
cycloalkanes, and aromatics. However, the SVR predictions

for alkanes and cycloalkanes still exhibited a certain degree
of overfitting. Given that minor compositional variations in
industrial  production  can  significantly  impact  economic
outcomes,  a  secondary,  optimized  wavelength  screening
was  conducted  to  enhance  the  model’s  generalization
ability.  This  secondary  screening  integrated  the  initial
absorbance-based  approach  with  correlation-based  feature
selection  methods.  The  correlation  coefficient  method  is  a
common  feature  selection  technique  used  to  assess  linear
relationships  between  variables.  However,  considering  that
NIR  spectral  data  may  exhibit  wavelength  synergy  effects
where  the  combined  influence  of  certain  wavelength  pairs
on the group composition far exceeds the linear contribution
of  any  single  wavelength.  Additionally,  some  spectral
information  may  have  a  nonlinear  relationship  with  the
target  properties.  Therefore,  the  correlation  coefficient
method alone might inadvertently remove effective features.
To  address  these  issuers,  this  study  employed  both  the
correlation coefficient  and the mutual  information methods
for feature selection and model construction. This combined
approach facilitated an analysis of the importance assigned
to  each  wavelength  from  two  perspectives,  thereby
improving  the  effectiveness  of  the  wavelength  selection
process.
Based on the NIR-1 data, the importance of wavelengths

was  analyzed  using  these  two  methods.  The  correlation
coefficients  between  each  component  (such  as  alkanes,
cycloalkanes,  and  aromatics)  and  the  NIR  spectra  were
calculated using the correlation coefficient method (Figure 5).
As  shown  in  Figure  5(a),  the  alkane  content  showed  a
positive correlation with absorbance in the 1420−1460 and
1990−2190  nm  wavelength  bands,  and  a  negative
correlation with the 1190−1290 nm band. From Figure 5(b),
cycloalkane  exhibited  an  opposite  trend,  showing  positive
correlations  around  900−910,  1180−1205  and  1490−1510
nm, but negative correlations in the 1300−1480, 1520−1700
and  1990−2200  nm  ranges.  As  seen  in  Figure  5(c),  the
spectral  response  of  aromatics  was  similar  to  that  of
alkanes, but the influence of aromatic content was stronger
near 1200 nm and weaker around 1440 nm.
The  mutual  information  values  between  the  content  of

alkanes,  cycloalkanes,  aromatics  and  NIR  spectra  were
calculated (Figure 6). It is found that the importance trends
of  the  three  group  compositions  based  on  mutual
information  were  similar  to  those  obtained  by  the
correlation coefficient method. However, the importance of
wavelengths  in  the  2000−2200  nm  interval  was  more
prominent  in  the  mutual  information  method.  This  is
primarily  because  mutual  information  can  better  capture
nonlinear dependencies,  whereas the correlation coefficient
method primarily reflects linear relationships.
Feature  wavelengths  were  selected  using  the  correlation

coefficient method and the mutual information method with
specific thresholds. For the correlation coefficient, absolute
correlation  coefficient  values  |r|  were  >  0.8,  0.9  and  0.95,
and denoted as P-0.8, P-0.9 and P-0.95, respectively.

WANG Xiwu et al.：Intelligent analysis of direct coal liquefaction diesel…… / J Fuel Chem Technol, 2026, 54(4), 20250199 (6 of 12)



For mutual information, values of MI were > 0.8, 0.9 and
0.95,  and  denoted  as  MI-0.8,  MI-0.9  and  MI-0.95,
respectively.  SVR  models  were  then  constructed  based  on
these  selected  features.  Figure  7  shows  the  number  of
features in the datasets resulting from each selection method
and the performance of the corresponding models.  As seen
in  Figure  7(a),  feature  selection  significantly  reduced  data
dimensionality  with  both  methods.  Figures  7(b)−(d)
present  the  performance  of  the  SVR  models  built  on  the
respective  datasets,  where  the  black  dots  represent  the  test
set  results.  From  the  Figures,  it  is  evident  that  the  model
based  on  P-0.95,  which  retained  only  20  wavelengths,
showed a significant decrease in R2 values on the test set for
predicting  alkanes,  cycloalkanes,  and  aromatics  (0.882,
0.900 and 0.969, respectively) compared to the training set.
This indicates that overly stringent screening leads to loss of
information,  which  is  detrimental  to  predicting  the  group
composition  of  DCL diesel.  The  models  constructed  using
the  other  datasets  all  demonstrated  varying  degrees  of
improvement.  Overall,  the  models  based  on  P-0.8,  MI-0.9
and  MI-0.95  performed  best.  These  models  achieved  good
results on the test set for predicting each group composition,
with  only  small  discrepancies  compared  to  the  training  set
performance  (average  differences  around  0.015).  This
demonstrates  that  moderate  screening  (e.g.,  |r|  >  0.8)  can
effectively  reduce  dimensionality  while  optimizing
generalization  capability,  achieving  an  optimal  balance
between prediction accuracy and model robustness.

 2.3    Model performance comparison

To  identify  the  optimal  modeling  approach,  this  study

compared  the  predictive  performance  of  three  ML
models—Lasso,  SVR  and  XGBoost—on  three  different
datasets: P-0.8, MI-0.9 and MI-0.95. The results in Table 3
indicated a consistent performance ranking across the three
datasets.  SVR  outperformed  Lasso,  while  XGBoost
demonstrated  the  lowest  predictive  accuracy.  Specifically,
in the alkane content prediction task, the SVR model based
on  the  MI-0.9  dataset  achieved  the  best  performance,  with
an R2 of 0.998 on the training set and 0.980 on the test set,
resulting  in  a  difference  of  0.018.  This  indicates  that  the
SVR model successfully captured essential features without
compromising  its  generalization  ability.  In  contrast,  the
XGBoost  model  based on the  MI-0.95 dataset  achieved an
R2 of 0.999 on the training set, but its test set R2 dropped to
0.903,  yielding  a  difference  of  0.096,  clearly  indicating
overfitting.  A  similar  trend  was  observed  in  the  prediction
of  cycloalkane  and  aromatics  content.  This  is  primarily
because  XGBoost,  as  a  complex  model,  is  generally  more
suitable  for  tasks  with  large  datasets  and  significant
nonlinear  relationships.  However,  the  NIR  spectral  dataset
of  DCL  diesel  in  this  study  was  limited  in  sample  size,
leading  to  overfitting  of  the  training  data  and  impair  its
ability  to  extract  key  features  for  XGBoost.  This  thereby
reduce  the  model’s  generalization  performance.  These
findings  provide  important  insights  for  model  selection  in
NIR  analysis  of  DCL  diesel,  indicating  that  under  limited
sample  conditions,  relatively  simpler  models  like  SVR are
more advantageous than complex ensemble methods.
The  distribution  of  absolute  errors  for  three  optimal

models  (Lasso-MI-0.95,  SVR-MI-0.9,  XGBoost-P-0.8)  on
both the training and test sets were shown in Figure 8.
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Fig. 5    The pearson correlation coefficient analysis of alkanes (a), cycloalkanes (b) and aromatics hydrocarbons (c)
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For the alkane and cycloalkane prediction tasks, absolute
errors were categorized into three classes: Class A (<0.5%),
Class  B (0.5%–1%)  and Class  C (>1%).  For  the  aromatics
prediction task, which has a smaller content range, a stricter
classification  standard  was  adopted:  Class  A  (<0.05%),
Class B (0.05%–0.1%) and Class C (>0.1%). From Figure 8
(a),  all  three  optimal  models  presented  satisfactory
predictive  performance  on  the  training  set,  with  Class  A
data points accounting for over 75% and Class C data points
below 5% in each case. However, a comparison with Figure 8
(b)  reveals  a  decline  in  performance  on  the  test  set  for  all
models,  though  the  SVR-MI-0.9  model  maintained  a  clear
advantage.  On  the  test  set  (Figure  8(b)),  the  SVR-MI-0.9

model  demonstrated  superior  performance.  For  alkane
content  prediction,  the  SVR-MI-0.9  model  performed best,
with  Class  A  errors  accounting  for  89.6%  and  no  Class  C
errors.  This  is  significantly  outperforming  Lasso-MI-0.95
(79.2% Class A, 2.1% Class C) and XGBoost-P-0.8 (64.6%
Class  A,  6.25%  Class  C).  Similarly,  for  cycloalkane
prediction, the SVR-MI-0.9 model led with 85.4% Class A
errors,  which  presented  an  improvement  of  8.3%  over
Lasso-MI-0.95.  In  aromatic  prediction,  the  SVR-MI-0.9
model  achieved  77.1%  Class  A  errors,  exceeding  the
combined  total  of  Class  A  and  B  errors  (72.9%)  for
XGBoost-P-0.8,  while  the  latter  exhibited a  high error  rate
with 25% Class C errors.
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Fig. 7    (a) Number of features in each dataset; Performance of models: (b) alkane, (c) cycloalkane and (d) aromatic

 

Table 3    Performance of optimal models by Lasso, SVR and XGBoost at P-0.8, MI-0.9 and MI-0.95
 

Data set Target Training set R2 Test set R2

Lasso SVR XGBoost Lasso SVR XGBoost

P-0.8 Alkane 0.991 0.998 0.985 0.954 0.977 0.916
Cycloalkane 0.992 0.997 0.984 0.958 0.981 0.936
Aromatics 0.991 0.996 0.994 0.981 0.985 0.957

MI-0.9 Alkane 0.990 0.998 0.994 0.959 0.980 0.905
Cycloalkane 0.991 0.998 0.981 0.966 0.982 0.928
Aromatics 0.991 0.996 0.998 0.981 0.986 0.951

MI-0.95 Alkane 0.989 0.996 0.999 0.963 0.979 0.903
Cycloalkane 0.991 0.996 0.983 0.967 0.982 0.925
Aromatics 0.991 0.999 0.989 0.978 0.986 0.948
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By  these  comprehensive  comparisons,  the  SVR-MI-0.9
model  performed excellently on both the training set  (R2 >
0.99)  and  the  test  set  (R2  >  0.98).  The  proportion  of  its
prediction  errors  falling  into  Class  A  was ≥77%,  while
Class  C  errors  were ≤3%,  which  was  also  significantly
surpassing  the  other  models.  This  fact  further  confirmed
that the SVR-MI-0.9 model was highly accurate and reliable
to predict  the group composition of DCL diesel  using NIR
data.

 2.4    Software development

To  enable  the  automated  analysis  of  DCL  diesel
components,  specialized  software  was  developed  utilized
the PySide6 framework and Qt Designer tool. The software
integrates  the  three  trained  models  from  this
research—Lasso-MI-0.95,  SVR-MI-0.9  and  XGBoost-P-
0.8.  It  is  capable  of  directly  reading tabular  data  generated
by  NIR  spectrometers  and  processing  the  data  through  the
relevant algorithms to provide content information for each
group composition.
The  software  interface  is  shown  in  Figure  9.  The

operation  procedure  is  as  follows.  Users  first  select  the
spectral  file  for  import.  The  software  then  provides  a
notification  indicating  whether  the  file  was  successfully
read. After a successful import, users can select the desired
model to initiate the spectral data analysis. Once processing

is complete, a dialog box displays the prediction results.

 2.5    Effectiveness of analysis software

For  successful  analysis  of  NIR  spectroscopic  using  the
software, the input NIR spectral data file must be in CSV or
Excel  format  and  contain  rows  for  wavelength  and
absorbance,  as  illustrated  in  Table  4.  Specifically,  the
required  NIR  spectral  data  must  ensure  that  the  first  row
consists  of  Arabic  numbers  decreasing  sequentially  from
2500  to  700,  representing  the  wavelengths  from  2500  to
700  nm in  the  NIR  range.  The  second  row  should  contain
the  corresponding  absorbance  values  for  the  wavelengths
listed in the first  row. The data file is read by the software
via  the  Pandas  package.  Then  the  dataset  is  automatically
split based on the specific model employed. The model file
is then loaded using the Joblib package to perform predictions.
To  validate  the  speed  and  accuracy  of  the  developed

software  and  its  underlying  models,  three  samples  of  the
blended fraction oils were prepared and tested in this study.
The  results  were  compared  with  those  obtained  from  the
software to validate the speed and accuracy of the software
and  its  model.  When  analyzing  the  three  blended  fraction
oils by GC×GC, the chromatographic run time was 107 min,
with  an  average  data  processing  time  of  about  30  min  per
chromatogram.  In  contrast,  NIR  spectroscopic  analysis
required only about 2 min for spectral acquisition.
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Fig. 8    Performance of optimal Lasso, SVR and XGBoost models on the training set (a) and test set (b)

 

Fig. 9    Operation workflow of the NIR spectroscopy intelligent analysis software

 

Table 4    Example of NIR data format required for intelligent analysis software
 

2500 2499 ... Wavelength n ... 701 700
10 10 ... Abs ... 0.25 0.12

WANG Xiwu et al.：Intelligent analysis of direct coal liquefaction diesel…… / J Fuel Chem Technol, 2026, 54(4), 20250199 (9 of 12)



This  dramatic  difference  demonstrates  that  the  use  of
NIR  spectroscopy  combined  with  the  software  enables  a
much  faster  determination  of  hydrocarbon  group
composition  in  oil  samples  compared  to  the  GC×GC

method. Furthermore, the analytical results obtained by the
two  methods  (Table  5)  indicate  that  the  software  provides
high  accuracy  and  reliably  in  determination  of  the
hydrocarbon group composition of the oils.

 
 

Table 5    Comparison of analysis results between comprehensive two-dimensional gas chromatography and NIR analysis software
 

Sample Type GC×GC result/% NIR result/% Absolute error/%

Sample 1 Alkane 7.7 7.5 −0.2
Cycloalkane 91.1 91.3 +0.2
Aromatics 1.1 1.2 +0.1

Sample 2 Alkane 7.7 7.7 0.0
Cycloalkane 91.2 91.2 0.0
Aromatics 1.1 1.1 0.0

Sample 3 Alkane 8.0 7.8 −0.2
Cycloalkane 91.0 91.1 +0.1
Aromatics 1.0 1.1 +0.1

 

 3    Conclusions

This  study  established  a  predictive  model  for  the
component  content  of  DCL  diesel  through  ML  and  NIR
analysis.  The  data  processing  and  modeling  methods  were
also  systematically  optimized.  The  following  results  and
conclusions were obtained:
An initial wavelength screening was performed based on

the  magnitude  of  NIR  spectral  absorbance,  followed  by
further  feature  wavelength  extraction  using  the  correlation
coefficient  method  and  mutual  information  method.
Compared  with  using  the  raw  data,  the  value  of R2  by  the
model developed in this work increased from 0.85 to 0.96.
The number of feature wavelengths was reduced from about
1800  to  approximately  200,  leading  to  improved  accuracy
and computational efficiency.
Among  the  three  ML  models  developed  and  compared,

SVR-MI-0.9  demonstrated  the  best  performance,  with  R2

values exceeding 0.98 for both the training and test  sets.  It
proved  highly  effective  in  predicting  the  contents  of
alkanes,  cycloalkanes,  and  aromatics  in  DCL  diesel,  and
thus  provide  an  effective  method  for  the  rapid  analysis  of
the hydrocarbon group composition;
An  intelligent  analysis  software  was  developed  with  the

features  of  rapid spectral  interpretation capability  based on
the established model.  This software can provide a reliable
foundation  for  subsequent  online  detection  system
development.
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摘　要：煤直接液化产品中柴油占比超过 60%，与石油基柴油相比，煤直接液化柴油十六烷值为 30−40，无法满足≥45车

用柴油标准。快速准确地分析煤直接液化柴油化学组成，通过组分调和来实现燃料性质满足柴油标准意义重大。气相色

谱等传统分析方法虽精确但也存在分析速度慢、维护复杂且成本高等缺点，难以满足快速实时控制的需求。近红外光谱

技术具有快速、无损检测优势，但光谱数据解析的复杂性限制了其应用；机器学习方法能够有效挖掘光谱信息，建立高精

度预测模型。本研究结合近红外光谱与机器学习技术，构建煤直接液化柴油的光谱-组成数据库，并采用相关系数法和互

信息法进行特征提取，筛选关键波长变量，降低数据维度。在此基础上，对比 Lasso、SVR和 XGBoost三种机器学习模型
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的预测性能。结果表明，剔除吸光度大于 1的数据可显著提升模型精度，测试集 R2 从 0.85提高至 0.96。特征提取后，最

优波长变量减少至 177列，大幅提高计算效率。其中，基于互信息特征选择的 SVR-MI-0.9模型表现最佳，训练集和测试

集 R2 均超过 0.98，能精准预测链烷烃、环烷烃和芳烃含量，从而为智能化在线质量监控提供了可靠方法。基于所构建的

智能分析模型，自主开发了近红外光谱数据智能分析软件，与全二维气相色谱分析柴油组分结果对比，解析时间节约

98% 以上的软件分析，预测的绝对误差不超过 0.2%，完全实现了煤直接液化柴油组分的快速解析。

关键词：煤直接液化油；光谱实时检测；机器学习；特征提取；组分预测
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