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Abstract: Umami  is  one  of  the  five  basic  tastes,  primarily  represented  by  monosodium glutamate  (MSG)  and  disodium  5 ′-
inosinate  (IMP).  The  current  primary  methods  for  detecting  MSG  and  IMP  are  expensive  and  complex,  limiting  their
widespread  applications.  Hence,  there  is  a  need  to  explore  novel  and  more  affordable  methods  to  characterize  umami  taste
substances.  FT-IR was  used  to  detect  umami  substances,  MSG,  and its  mixture  with  IMP.  Uniform spectral  spacing method
(USS)  was  combined  separately  with  a  continuous  projection  algorithm  (SPA),  competitive  adaptive  weighting  algorithm
(CARS), and uninformed variable elimination method (UVE) to simplify partial least squares regression (PLSR) and principal
component regression (PCR) prediction models. The results demonstrated that the optimal model for MSG solution detection
was the USS-CARS-PCR quantitative simplified model based on 17 feature wavelengths with  =0.97,  =0.23 g/L, 
=0.96,  and  =0.27 g/L.  For MSG and IMP mixture detection,  the optimal model was the full  wavelength model with
=0.97,  =0.11  g/L,  =0.98,  and  =0.07  g/L.  These  findings  indicate  the  feasibility  of  using  FT-IR

spectroscopy  for  rapid  and  quantitative  detection  of  umami  substances,  providing  a  theoretical  basis  for  detecting  complex
umami substances in food using FT-IR technology.
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 1    Introduction
As the living standard improves,  people’s pursuit  of delightful

taste  experiences  becomes  more  intense,  and  the  study  of  umami,
one  of  the  five  fundamental  flavors,  has  gained  prominence.
Umami, alongside sour, sweet, bitter, and salty flavors, constitutes a
complex  realm  of  taste  sensations.  However,  evaluating  umami  is

more  intricate  compared  to  the  other  four  basic  tastes  due  to  its
multifaceted  nature[1].  Umami  is  particularly  complex  due  to  its
diverse molecular sources and concentration-dependent and matrix-
dependent sensory behaviors.  There are differences in the intensity
of umami produced by various umami substances[2-4].

Monosodium  glutamate  (MSG)  and  disodium  inosinate  (IMP)
are  representative  umami  substances.  Numerous  studies  have
reported  their  synergistic  taste  enhancement  effects  in  food
systems[5,6].  Therefore, the intensity of umami is often measured by
the equivalent umami concentration (EUC), which characterizes this
synergistic  effect  between  MSG and  IMP[7].  To  calculate  the  EUC
value,  appropriate  detection  methods  are  needed  to  determine  the
concentrations of MSG and IMP in food.

Currently, quantitative analysis of umami substances still relies
primarily  on  laboratory-based  chemical  methods  such  as  HPLC,
capillary  electrophoresis,  and  continuous  chromatography[8].
Lorbetskie  et  al.[9]  employed  reversed-phase  high-performance
liquid  chromatography  to  determine  the  content  of  flavored
nucleotides in shrimp meat, achieving a standard addition recovery
rate  of  99.96%-100.34%,  with  a  coefficient  of  variation  ranging
from  0.04%-0.4%.  Kong  et  al.[10]  prepared  chicken  broth  and
chicken hydrolysate to separate and identify the non-volatile umami
compounds  in  chicken.  Liu  et  al.[11]  utilized  continuous
chromatography  with  sensory  evaluation  to  assess  the  umami
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intensity  of  seven  umami-flavor  peptides,  and  characterize  their
flavor  contribution.  Although  these  detection  methods  achieved
high  detection  accuracy,  they  require  costly  instrumentation  and
involve complex, labor-intensive procedures.

In contrast, vibrational spectroscopy techniques—including FT-
IR and NIR—have attracted increasing interest  in the field of food
organic  matter  assessment  due  to  their  rapid,  nondestructive,  and
reagent-free  characteristics.  Teixeira  et  al.[12] obtained near-infrared
spectra  of  powdered  wheat  and  used  de-scattering  and  derivative
processing  to  determine  the  content  of  10  amino  acids,  predicting
the content of leucine and phenylalanine. Wang et al.[13] established
a calibration model for the total amount of free amino acids and tea
polyphenols  in  green  tea  based  on  near-infrared  spectral
characteristics,  achieving  cross-validation  standard  errors  between
0.2300 and 0.2866. Juan et al.[14] used different chemical bonds in α
amino acid molecules to characterize and determine their molecular
structure through mid-infrared, Raman, and far-infrared absorptions,
achieving good results at the B3LYP level. Nevertheless, their work
was  limited  to  molecular  structure  characterization  and  did  not
address  the  quantitative  detection  of  umami  substances.  Hanim  et
al.[15]  utilized  FT-IR  to  detect  anthocyanin  content  in  soybeans,
predicting  the  content  of  two  anthocyanins  under  different
pretreatment  methods  by screening out  500-800 cm–1 bands.  These
results  indicate  that  it  is  feasible  to  detect  organic  matter  in  food
matrices  using  FT-IR  technology,  as  the  fundamental  vibrational
frequencies of most chemical bonds are located in the infrared band,
especially  the  characteristic  absorption  peaks  of  functional
groups[16-20].  However,  no  studies  have  yet  focused  on  the
quantitative  detection  of  key  umami  substances  using  FT-IR
spectroscopy,  nor  have  any  studies  explored  the  spectral
characteristics  of  MSG–IMP  mixed  systems,  which  is  crucial  for
understanding synergistic umami perception. Furthermore, while FT-
IR spectra contain abundant chemical information, they also include
large amounts of redundant or collinear variables.  Previous studies
seldom employed comprehensive wavelength-selection frameworks
to  enhance  the  efficiency  and  robustness  of  umami  substance
detection.  These gaps highlight  the  need for  a  rapid,  low-cost,  and
accurate  analytical  strategy  capable  of  quantifying  umami
substances  and  supporting  future  development  of  portable  taste-
evaluation devices.

Therefore, this study aims to investigate the feasibility of using
FT-IR  spectroscopy  for  the  quantitative  detection  of  umami
substances such as MSG and its mixtures with IMP. By combining
FT-IR  spectroscopy  with  advanced  wavelength  selection  methods,
this research seeks to establish accurate chemometric models based
on  different  preprocessing  strategies.  In  addition,  advanced
wavelength-selection  algorithms  are  used  to  simplify  the  spectral
model  structure  and  improve  detection  efficiency.  This  work  not
only  fills  the  current  research  gap  in  FT-IR-based  umami  analysis
but  also  provides  methodological  guidance  for  constructing
simplified  and  efficient  spectral  models  suitable  for  food  quality
evaluation and intelligent taste-sensing applications.

 2    Materials and methods
 2.1    Sample preparation and spectrum collection
 2.1.1    Reagents and instruments

The  monosodium  glutamate  (MSG)  and  disodium  inosinate
(IMP) used in the experiment both with 99% purity were purchased
from  (Shanghai  Yuanye  Bio-Technology  Co.,  Ltd,  China)  and  the
materials  were  stored  at  4°C  for  later  use.  Fourier  Transform
Infrared (FT-IR) spectrometer (Nicolet IS50, Thermo Scientific Co.,

Ltd,  USA)  was  employed  for  spectrum acquisition.  The  resolution
of  the  instrument  was  set  at  4  cm–1  with  16  times  scans.  The
transmission spectra of samples within the wavelength range of 700-
4000 cm–1 were collected.
 2.1.2    MSG solution preparation and spectrum collection

MSG solutions  with  concentrations  of  0.15,  0.3,  0.6,  0.9,  1.2,
1.5,  1.8,  2.1,  2.7,  3.3,  3.9,  and 4.5 g/L were prepared respectively.
Such a system is hereafter called the simple system. Four replicate
samples were prepared for each concentration. Another two batches
of experiment were repeated and finally 144 samples were obtained.
The  prepared  sample  solutions  were  placed  in  1mm  optical  path
cuvettes for spectrum collection.
 2.1.3    Sample preparation for the mixed system

MSG  and  IMP  mixture  samples  with  12  concentrations  were
prepared  (Table  1).  Similar  to  the  MSG  solution  samples,  four
replicate  samples  were  prepared  for  each  concentration.  The  total
concentration of each mixed system was 2 g/L. The MSG and IMP
concentration  ranges  were  0.04-1.96  g/L.  After  repeating  twice,  a
total of 144 samples were obtained. The prepared sample solutions
were placed in 1mm optical path cuvettes for spectrum collection.
  

Table 1    Concentration of MSG and IMP gradient
mixing system

IMP/g·L–1 0.04 0.10 0.20 0.40 0.60 0.80 1.00 1.20 1.40 1.60 1.80 1.96
MSG/g·L–1 1.96 1.90 1.80 1.60 1.40 1.20 1.00 0.80 0.60 0.40 0.20 0.04

 

 2.2    Sample set partitioning
In this experiment, the sample set partitioning based on joint X-

Y  distances  (SPXY)  algorithm was  employed  to  divide  the  dataset
into calibration and prediction sets. The SPXY algorithm considers
both  the  spectral  variables  (X)  and  the  corresponding  response
values  (Y)  when  calculating  the  Euclidean  distance  between
samples,  thereby  ensuring  that  the  selected  subsets  represent  the
overall distribution of both independent and dependent variables[21].
Specifically,  samples  with  the  largest  joint  X-Y  distances  were
iteratively  selected  to  maximize  representativeness  and  minimize
redundancy.  In  this  study,  96  samples  were  assigned  to  the
calibration  set  and  the  remaining  48  samples  to  the  prediction  set,
maintaining a ratio of 2:1 to balance model training and validation
reliability.
 2.3    Model calibration and performance evaluation
 2.3.1    Spectral  preprocessing  and  characteristic  wavelength
screening

The  spectrum  may  contain  interference  information  during
acquisition. In order to improve the signal-to-noise ratio and obtain
a  better  model,  it  was  necessary  to  preprocess  the  original  data
before  establishing  calibration  models[22].  In  this  experiment,
Savitzky-Golay  (SG),  multiplicative  scatter  correction  (MSC),
standard  normal  variate  (SNV),  and  mean  center  (MC)  were
used[23,24] to pre-process the data.

Due  to  the  large  number  of  full-band  variables  and  possible
collinearity,  it  was  necessary  to  reduce  data  dimensionality  and
eliminate irrelevant information before modeling. Therefore, several
characteristic wavelength selection algorithms were applied:

Uniform  Spectral  Spacing  (USS)[25]:  a  simple  down-sampling
approach that  selects  spectral  variables at  equal  intervals  to reduce
data redundancy while maintaining spectral representativeness.

Successive Projections Algorithm (SPA)[26]: a forward selection
method that minimizes collinearity by iteratively selecting variables
with the smallest projection error in the multidimensional space.

Competitive  Adaptive  Reweighted  Sampling  (CARS)[27]:  a
stochastic  sampling  strategy  that  selects  variables  with  high
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regression  coefficients  in  Partial  Least  Squares  (PLS)  models
through exponential decay and adaptive reweighting.

Uninformative  Variable  Elimination  (UVE)[28]:  an  algorithm
that  evaluates  variable  importance  based  on  PLS  regression
stability,  removing  those  with  low  signal-to-noise  ratios  or  weak
correlations with the response variable.

These algorithms were used in combination to obtain the most
informative spectral features for subsequent model calibration.
 2.3.2    Modeling method and model evaluation

Partial  Least  Squares  Regression  (PLSR)[29]  and  Principal
Component  Regression  (PCR)[30]  were  employed  for  modeling
analysis.  Coefficient  of  determination  (R2)  and  root  mean  square
error  (RMSE)  were  computed  as  follows  to  evaluate  model
performance:

R2= 1−

N∑
i=1

(ŷi − yi̇)
2

N∑
i=1

(ŷi − ȳi̇)
2

(1)

RMSE=

Õ
N∑

i=1

(ŷi − yi̇)
2

N
(2)

yi ŷi

ȳi̇

R2

R2
c R2

p

RMSE

where,    is  the actual  measured value of  the  i-th sample,    is  the
predicted value of the i-th sample,   is the average of the measured
values of the samples,  and N  is  the number of samples.  According
to  different  sample  sets,  the  coefficient  of  determination    was
divided  into  the  coefficient  of  determination  of  the  calibration  set
 and the coefficient of determination of the prediction set  . The

root  mean  square  error    was  divided  into  the  root  mean

RMSEc

RMSEp R2
c R2

p

RMSEc RMSEp

square error of the calibration set   and the root mean square
error  of  the  prediction  set  .  The  higher  the  ,    of  the
model  and  the  lower  the  ,    were,  the  better  the
performance  of  the  model  output[31].  For  further  interpretation  of
models,  we  calculated  the  relative  prediction  deviation  (RPD)  and
the range error ratio (RER) as follows:

RPD =
S D

RMSEP

(3)

RER =
Range
RMSEP

(4)

where, SD is the standard deviation of the reference data; Range is
the  difference  between  the  maximum  and  minimum  values  of  the
reference  data;  and  RMSEP  is  the  root  mean  square  error  of
prediction.

According  to  Williams[32], RER  values  larger  than  10  indicate
high  utility  models,  and RPD  values  below  1.5  are  unreliable  for
predictions,  while  1.5-2.0  can  distinguish  high  from  low  values.
Between  2.0-2.5  allows  approximate  predictions,  2.5-3.0  is  good,
and  above  3.0  means  excellent  prediction  accuracy,  particularly
useful for complex and specific applications[33].

 3    Results and discussion
 3.1    Spectral characteristics of the sample solution

Figure  1a  shows  the  collected  spectra  of  the  MSG  solution,
while  Figure  1b  presents  the  spectra  of  the  mixed  solution
containing  MSG and  IMP.  In  both  spectra,  the  absorption  band  of
water  molecules  was  predominant,  with  a  strong  and  broad  peak
centered around 3600 cm–1 corresponding to the stretching vibration
of  the  O–H  bond  in  water.  Due  to  the  aqueous  environment,  the
spectra of the two sample types exhibited similar overall shapes and
peak positions.
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Figure 1    FT-IR spectrum of sample solution
 

Several  distinct  absorption  features  could  be  observed  in  the
fingerprint  region.  The  band  at  approximately  1650  cm–1  was
attributed  to  the  stretching  vibration  of  the  C=O  bond,  mainly
arising  from  the  carboxyl  groups  in  MSG  and  IMP  molecules[34].
The  peak  at  around  3300  cm–1  was  associated  with  the  N–H
stretching  vibration,  which  originates  from  the  amino  groups
present  in  both  compounds[35].  Furthermore,  the  weak  absorption
near  1400 cm–1 may correspond to  the  symmetric  stretching  of  the
carboxylate  (–COO–)  group,  indicating  interactions  between amino
and  carboxyl  groups  through  intra-  or  intermolecular  hydrogen
bonding.  These  characteristic  absorptions  reflect  the  molecular
structures  of  umami  substances  and  provide  a  theoretical  basis  for
distinguishing solutions with different compositions.

 3.2    Influence of pretreatment methods
 3.2.1    Selection  of  spectral  pretreatment  method  for  MSG
concentration detection in the simple system

R2
p RMSEp

Several  preprocessing  methods  are  used  with  Partial  Least
Squares  Regression  (PLSR)  to  detect  MSG  concentration  in  a
simple  system.  As  listed  in  Table  2,  MC  preprocessing  yields  a
weaker  prediction  with  an   of  0.88  and  higher   of  0.47
g/L, making it less effective for prediction compared to others. The
model  with  no  preprocessing  and  the  SG  preprocessing  method
yielded the best  performance,  with R2 and RMSE of 0.97 and 0.23
g/L,  as  well  as  0.96  and  0.28  g/L  for  calibration  and  prediction,
respectively.  These  models  also  have  high  RPD  (4.90)  and  RER
(15.51),  indicating  excellent  prediction  accuracy  and  utility.  In  a
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nutshell,  the  original  data  (no  preprocessing)  or  SG  preprocessing
are the best models for MSG detection in the simple system, as both
provide  high  accuracy  and  minimal  error  with  simple  data
processing steps.
  
Table 2    Performance of PLSR models for MSG concentration

detection based on different pre-treatment methods
Pre-treatment

method R2
c

RMSEc /
g·L–1

R2
p

RMSEp /
g·L–1

RPD RER

None 0.97 0.23 0.96 0.28 4.90 15.51
SG 0.97 0.23 0.96 0.28 4.90 15.51
MSC 0.96 0.27 0.93 0.37 3.71 11.74
MC 0.97 0.23 0.88 0.47 2.92 9.24
SNV 0.96 0.27 0.93 0.37 3.71 11.74

Note: None: No preprocessing is applied to the data; SG (Savitzky-Golay): Smooths
the data to reduce noise; MSC (Multiplicative Scatter Correction): Corrects for
light scattering effects; MC (Mean Centering): Averages the data around the
mean; SNV (Standard Normal Variate): Normalizes the spectra for comparison.
 

 3.2.2    Selection  of  spectral  pretreatment  method  for  MSG
concentration detection in mixed system

The same preprocessing methods (None, SG, MSC, MC, SNV)
are  applied  to  detect  MSG  concentration  in  a  mixed  system
containing both  MSG and IMP.  Because  the  total  concentration of
MSG  and  IMP  in  each  gradient  sample  was  invariant,  this
experiment  chose MSG as an indicator  for  the detection of  umami
substances  in  the  mixed  system.  The  corresponding  PLSR  full-
wavelength  models  were  established  respectively  based  on  the
spectral data preprocessed by different methods. The model results
are listed in Table 3.
  
Table 3    PLSR model results for MSG concentration detection

in mixed system based on different pretreatment methods
Pre-treatment

method R2
c

RMSEc /
g·L–1

R2
p

RMSEp /
g·L–1

RPD RER

None 0.97 0.11 0.98 0.07 8.29 27.43
SG 0.97 0.11 0.98 0.08 7.25 24.00
MSC 0.97 0.10 0.98 0.06 9.67 32.00
MC 0.97 0.11 0.91 0.19 3.05 10.11
SNV 0.98 0.10 0.97 0.06 9.67 32.00

 

R2
p

It can be seen from Table 3 that the performances of the models
established  by  the  original  and  preprocessing  data  were  all  robust,
and the R2 of the prediction set were all above 0.90. However, it was
also  found  that  the  preprocessing  method  did  not  necessarily
improve the performance of the model. The predictive coefficient of
determination    of  the  model  established  by  MC  preprocessing
was  slightly  lower  than  that  of  the  original  model.  Besides,  the
performance  of  the  models  established  by  other  preprocessing

R2
p

RMSEp

R2
c RMSEc R2

p RMSEp

methods was equivalent to the one established by the original data,
in which the coefficient of determination and the root mean square
errors  were  not  1.00%  greater  or  lower  than  those  of  the  original
data  model,  respectively.  In  particular,  the  models  with  MSC  and
SNV  preprocessing  outperform  the  others,  with  =  0.98  and

 = 0.06 g/L, indicating very high predictive accuracy. The
MSC model  also  shows  the  highest RPD  (9.67)  and RER  (32.00),
indicating  excellent  prediction  performance,  particularly  useful  for
detecting umami substances in complex systems.  As preprocessing
increases  the  workloads,  the  None  preprocessing  model  also
performs  well  where  the  coefficient  of  determination  and  the  root
mean  square  error  of  the  calibration  set  and  prediction  set  were
=0.97,  =0.11  g/L,  =0.98,  and  =0.07  g/L,

respectively, though slightly worse than the MSC and SNV models.
All in all, MSC preprocessing is the most outstanding model for the
mixed system of MSG and IMP, as it provides the highest RPD and
RER  values,  indicating  excellent  accuracy  and  reliability  in
predicting MSG concentration in a mixed system.
 3.3    Establishment  and  comparison  of  simplified  detection
models
 3.3.1    Preliminary dimensionality reduction of spectral data

RMSEp

The FT-IR spectral data of samples had a large dimension with
6846 wavelengths,  where redundant  data  were inevitably included,
making  the  model  structure  complex.  When  directly  using  SPA,
CARS, or UVE characteristic wavelength selection, the calculation
was  lengthy  and  time-consuming,  which  seriously  deteriorates  the
modeling  performance.  In  this  experiment,  USS  was  utilized  to
preliminarily  reduce  the  dimensionality  of  the  spectral  variables.
Then  the  second  wavelength  selections  were  performed  to  further
simplify model structure and reduce calculations under the premise
of ensuring the performance of models. USS selects effective bands
by changing the step length, that is, extracting new spectral data at
intervals  of  1,  2,  3,  4,  5...100  to  establish  PLSR models.  The  root
mean square errors of the prediction set   of all models were
analyzed.

RMSEp

RMSEp

As  shown  in  Figure  2a,  in  the  detection  of  a  single  MSG
system,  when the  number  of  intervals  is  25,  the  model  yielded the
best  performance  with  274  extracted  wavelengths,  where 
is as low as 0.19 g/L, lower than the 0.28 g/L of the full-wavelength
model.  In  the  detection  of  the  mixed  system of  MSG and IMP,  as
shown in Figure 2b, when the number of intervals is 54, the model
had  the  best  performance  with  127  extracted  wavelengths,  and  the
corresponding   is 0.09 g/L, slightly higher than the 0.07 g/L
of  the  full-wavelength  detection  model.  In  both  the  single  system
and the mixed system, the detection model based on USS only can
effectively  reduce  the  data  dimension,  simplify  the  algorithm
complexity, and improve the performance of the model[36].
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Figure 2    Preliminary variable selection by USS for MSG concentration detection
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FT-IR spectroscopy detects umami substances by selecting the
most effective wavelengths. Figure 2 above shows examples of how
different numbers of intervals and corresponding errors might affect
umami  detection:  54  intervals  with  an  error  of  0.091  has  a  higher
number of intervals, indicating more data points or wavelengths are
being  used  in  the  model,  resulting  in  an  error  of  0.091.  This
suggests that the model is more precise but likely more complex due
to  the  larger  number  of  intervals.  35  intervals  implies  that  fewer
intervals  generally  lead  to  higher  errors.  The  exact  error  would
depend  on  the  dataset  and  how  well  these  intervals  capture  the
essential  features.  15  intervals  with  an  error  perhaps  of  0.10
represents a simpler model with fewer data points, which increases
the  error  to  0.10.  This  trade-off  suggests  a  loss  in  precision  but  a
significant  gain  in  model  simplicity  and  possibly  computational
efficiency.
 3.3.2    Establishment  of  simplified  models  for  MSG concentration
detection in the simple system

Wavelengths  screened  by  USS,  SPA,  CARS,  and  UVE  were
used to further select characteristic wavelengths respectively. Then
PLSR and PCR models  were established to  compare the effects  of
different characteristic wavelength selection methods (Table 4).

RMSEp R2
p

RMSEp RMSEp

It  can  be  seen  from  Table  4  that  the  models  based  on
characteristic  wavelengths  performed  well  in  the  simple  systems,
where  the  prediction  coefficients  of  determination  were  all  greater
than 0.93, and the root mean square error of the prediction set was
less  than  0.35  g/L,  slightly  lower  than  that  of  full-wavelength
detection  models  with    and    of  0.28  g/L  and  0.96.  In
addition,  compared  with  the  model  based  on  USS  only  with

 of  0.19  g/L,  the  simplified  model  had  a  higher  .
Nevertheless, all the models developed were proven to be excellent

with RPD>3 and of high utility value with RER >10.
However,  in  general,  characteristic  wavelength  selection

greatly reduced the model variables and ensured an excellent model.
The PCR with USS-CARS model shows the highest R2, RPD, RER
and lowest RMSE values, indicating it  is the most reliable and has
the best prediction accuracy among the models listed.

R2
c RMSEc R2

p

RMSEp

RMSEcv

Figure 3a shows the scatter plot of the true and predicted values
of the calibration set and prediction set of the optimal model (USS-
CARS-PCR).  The  coefficient  of  determination  and  the  root  mean
square  error  were    =  0.97,  =0.23  g/L,  and  =0.96,

 =0.27 g/L, respectively. Figure 3b shows the visualization
process  of  CARS  variables  selection,  where  the  Monte  Carlo
coefficient  was  set  to  100.  It  can  be  seen  from Figure  3b  that  the
number of selected variables decreased rapidly with the increase in
the  number  of  iterations  (Figure  3b).  However,  the  value  of

 first  decreased and then increased (Figure 3b),  indicating
that  useful  information  was  eliminated  at  the  later  stage  of  the
iteration.
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Figure 3    MSG single system test model effect
 

RMSEcv

When  the  number  of  iterations  was  57  (asterisk  dot  position),
the  value  of    was  the  smallest.  Within  that  point,  the
corresponding band number was 17, which occupied only 0.83% of
the  original  number  of  wavelengths.  The  distribution  of
characteristic  wavelengths  is  shown  in Figure  3c,  including  989.3,
1387.1,  1399.1,  1459.4,  2387.4,  2676.7,  2821.3,  2845.5,  2929.8,
2941.9, 3050.4, 3062.4, 3195.0, 3436.0, 3460.2, 3544.5, and 3689.2
cm–1.  The  wavelengths  number  corresponding  to  the  characteristic
wavelength was mainly between 1300-1660, 2550-3000, and 3250-
3550 cm–1, of which 1300-1660 cm–1 corresponded to CN and C=O
bond  stretching  vibration[37];  2550-3000  cm–1  corresponded  to  R-

COOH  functional  group  stretching  vibration  (4136)[38];  3250-3550
cm–1 corresponded to NH2 stretching vibration [39].
 3.3.3    Establishment  of  simplified  model  for  MSG  concentration
detection in mixed system

Wavelength selection was performed by USS, SPA, CARS, and
UVE, and PLSR and PCR models were established to compare the
effects  of  different  characteristic  wavelength  selection  methods
(Table 5). The results show that the coefficients of determination for
prediction  of  the  MSG  concentration  detection  model  established
based  on  different  characteristic  wavelength  selection  methods  in
the  mixed  system  were  all  above  0.94,  which  was  slightly  lower

 

Table 4    PLSR and PCR model results for MSG concentration
detection in the simple system established by different

wavelength selection methods
Modeling
method

Wavelength
selection

Number of
variables R2

c
RMSEc /
g·L–1

R2
p

RMSEp /
g·L–1

RPD RER

PLSR
USS-CARS 17 0.96 0.25 0.94 0.33 4.18 13.15
USS-UVE 35 0.95 0.30 0.96 0.28 4.93 15.50
USS-SPA 12 0.96 0.25 0.96 0.28 4.93 15.50

PCR
USS-CARS 17 0.97 0.23 0.96 0.27 5.11 16.07
USS-UVE 35 0.96 0.27 0.94 0.33 4.18 13.15
USS-SPA 12 0.96 0.28 0.94 0.33 4.18 13.15
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R2
c R2

p

RMSEc RMSEp

than  that  of  the  original  data  model.  The  prediction  root  mean
square error was less than 0.14 g/L, slightly higher than the original
data model.  Although the performance of all  the models is slightly
inferior  to  that  of  the  original  data  model,  the  number  of  model
variables  was  greatly  reduced,  and  the  variable  compression  rate
was more than 1:500, which means a crucial drop in complexity. In
general,  the  PLSR  model  based  on  USS-CARS  characteristic
wavelength  selection  had  the  best  performance  with  the  highest
coefficient  of  determination  =0.94  and  =0.96  and  the  lowest
root mean square error  =0.17 g/L,  =0.12 g/L.

Figure  4a  presents  the  scatter  plot  of  the  true  value  and
predicted  value  of  the  calibration  set  and  prediction  set  of  the
optimal  model  (USS-CARS-PLSR).  The  distribution  of
characteristic wavelengths is shown in Figure 4b, including 1403.0,
1689.3,  1741.4,  1793.5,  1819.5,  1871.6,  2600.5,  and  2782.8  cm–1.
The  wavelength  numbers  corresponding  to  the  selected
characteristic  wavelengths  were  mainly  concentrated  in  1550-1900

and 2600-2800 cm–1. Some major peaks were observed, where 1550-
1900 cm–1 corresponded to the C=O bond stretching vibration in the
carbonyl  group  [40],  and  2600-2800  cm–1  corresponded  to  the  P-O
stretching vibration in IMP[41].
 
 

Table 5    PLSR and PCR model results of MSG concentration
detection in a mixed system established by employing different

wavelength selection methods
Modeling
method

Wavelength
selection

Number of
variables R2

c
RMSEc /
g·L–1

R2
p

RMSEp /
g·L–1

RPD RER

PLSR

USS-CARS 8 0.94 0.17 0.96 0.12 4.92 16.00

USS-UVE 13 0.90 0.20 0.96 0.12 4.92 16.00

USS-SPA 8 0.90 0.21 0.95 0.12 4.92 16.00

PCR

USS-CARS 8 0.93 0.17 0.96 0.12 4.92 16.00

USS-UVE 13 0.90 0.21 0.96 0.12 4.92 16.00

USS-SPA 8 0.90 0.21 0.95 0.13 4.54 14.77
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Figure 4    MSG and IMP mixture detection model effect
 

 4    Conclusions
In the current study, the feasibility of using FT-IR spectroscopy

for  the  quantitative  identification  of  umami  substances  in  solution
was  demonstrated.  Both  the  MSG  single  system  and  its  mixed
system  with  IMP  were  investigated  to  evaluate  spectral  responses
and  establish  quantitative  models.  Among  the  tested  chemometric
approaches,  PLSR  and  PCR  models  based  on  original  or  pre-
processed  spectra  exhibited  high  prediction  accuracy,  confirming
the  potential  of  FT-IR  spectroscopy  for  umami  substance
quantification.  It  was  observed  that  the  choice  of  preprocessing
methods had system-dependent effects: for the simple MSG system,
models  built  on  raw  or  SG-preprocessed  data  yielded  optimal
performance,  whereas  for  the  mixed MSG–IMP system,  the  MSC-
preprocessed  model  provided  the  most  reliable  predictions.
Furthermore,  the  combination  of  uniform  spectral  spacing  (USS)
and  advanced  wavelength  selection  algorithms  (SPA,  CARS,  and
UVE)  effectively  reduced  data  dimensionality,  achieving
wavelength  compression  ratios  exceeding  1:400  without
compromising  predictive  capability.  The  USS–CARS–PCR model,
which utilized only 17 wavelengths with a compression ratio above
1:500,  proved  to  be  the  most  efficient  and  accurate  for  MSG
detection.  These  results  demonstrate  the  practicality  of  FT-IR
spectroscopy  coupled  with  chemometric  modeling  for  rapid,  low-
cost, and non-destructive detection of umami substances.

Methodological  strengths  of  this  study  include  the  use  of
systematic  wavelength  screening  to  minimize  redundant  spectral
information,  the  comparative  evaluation  of  multiple  preprocessing

and modeling techniques, and the establishment of a simplified yet
robust  spectral  model  suitable  for  real-time  detection.  Limitations,
however,  remain  in  that  the  experiments  were  conducted  under
controlled  solution  conditions,  and  matrix  effects  commonly
encountered  in  real  food  systems  were  not  fully  addressed.  In
addition,  the current  study primarily focused on two representative
umami  substances,  and  the  generalizability  to  broader  compound
categories requires further verification. Future research should focus
on  extending  the  proposed  method  to  complex  food  matrices,
developing  portable  FT-IR  systems  for  on-site  detection,  and
integrating  spectral  analysis  with  machine  learning  or  bionic
sensing  technologies  to  achieve  intelligent,  multi-dimensional
evaluation of umami perception.
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