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Abstract: Preprocessing has a large, dataset-dependent influence on near-infrared (NIR) calibration, yet analysts often choose trans-
formation sequences by trial and error. This makes the choice difficult to reproduce and may add steps that yield little practical
benefit. We therefore cast preprocessing selection as a constrained bi-objective search in which calibration error and the number of
active operations are minimized together. Candidate pipelines combined standard normal variate correction, multiplicative scatter
correction, detrending, and Savitzky–Golay smoothing or derivatives, subject to chemometric ordering constraints. Random Search
provided a non-guided control; Non-dominated Sorting Genetic Algorithm II (NSGA-II) and Multi-objective Tree-structured Parzen
Estimator (MOTPE) were evaluated with an identical budget of 200 trials on six public NIR and visible-NIR datasets. All search
decisions used calibration data, after which one Pareto-efficient pipeline was refitted and tested once on the held-out subset. NSGA-II
gave the better mean validation-root mean square error of prediction (RMSEP) rank (1.33), whereas MOTPE gave the better mean
normalized-hypervolume rank (1.25). Compared with the strongest manual reference for each dataset, the optimized pipelines lowered
validation RMSEP in five cases by between 3.76% and 16.88%. Wheat was the exception: manual Standard normal variate (SNV)
generalized better. Across 10 seeds, held-out RMSEP varied little for most datasets even when selected pipelines differed. Nonlinear
calibration was chiefly useful for Mango. Adding wavelength selection reduced Wheat RMSEP to 0.5829 and removed 28.7% of its
spectral variables. These findings position multi-objective search as an auditable aid for choosing concise preprocessing pipelines, not
as a substitute for independent validation or chemometric judgment.

Keywords: automated preprocessing, multi-objective optimization, near-infrared spectroscopy, Pareto optimization, interpretable
machine learning

1. Introduction

Near-infrared (NIR) spectroscopy enables rapid, nondestruc-
tive, and comparatively low-cost assessment of agricultural, food,
pharmaceutical, and environmental materials [1–3]. Spectra can
be collected with little sample preparation, which supports lab-
oratory analysis, routine quality control, and field sensing [4].
That convenience does not make calibration straightforward.
Chemical absorption is recorded together with scatter, baseline
displacement, overlapping bands, instrument effects, and physi-
cal differences among samples [5–7]. Variation from these sources
may conceal the spectral response of the property of interest and,
if left untreated, weaken prediction reliability.

Partial least squares regression (PLSR) is a common cali-
bration choice for NIR data because it can model many collinear
wavelengths through a relatively interpretable latent-variable rep-
resentation [8]. Its performance, however, is closely tied to the
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spectra supplied to the model. SNV and multiplicative scat-
ter correction (MSC) are used to correct scatter-related offsets
and scaling, whereas detrending addresses baseline structure. Sav-
itzky–Golay smoothing attenuates high-frequency noise, and its
derivatives can sharpen local spectral features [5, 7, 9, 10]. None
of these operations is uniformly advantageous. Their effects vary
with the sample matrix, wavelength range, instrument, reference
property, and validation design; a useful transformation for one
dataset can be detrimental to another [5, 11, 12].

In applied NIR work, preprocessing is still often selected by
trying a familiar set of transformations and retaining the sequence
with the most favorable calibration or cross-validation statistic.
This hands-on procedure is easy to understand, but it is difficult
to reproduce and becomes cumbersome as the number, order, and
parameter settings of candidate operations increase. It can also
favor a long pipeline whose apparent calibration gain is too small
to justify its operational burden. The issue is particularly rele-
vant to portable, embedded, and real-time instruments, for which
an acceptable pipeline must remain auditable and computation-
ally manageable [4, 13]. In that setting, a shorter sequence with
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comparable held-out performance may be preferable to a more
elaborate one.

Several approaches have been proposed to make prepro-
cessing choice less ad hoc. Response-oriented ensembles retain
information from more than one preprocessed representation, and
recent ensemble work has combined preprocessing with covariate
selection [14, 15]. Piecewise preprocessing takes another route by
assigning transformations to selected wavelength intervals instead
of imposing one operation on the full spectrum [11]. Such meth-
ods can exploit complementary spectral information, but their
output is not necessarily a short, explicit sequence that can be
transferred directly to a constrained device.

Search-based schemes are closer to the selection problem
considered here. Published implementations include automated
open-source workflows, genetic and combinatorial searches,
Bayesian optimization, and order-aware frameworks [16–21].
They reduce the amount of manual screening and make the search
more repeatable. Even so, prediction error generally remains the
primary objective; simplicity is either enforced through fixed con-
straints or absorbed into a penalty. Consequently, the analyst
receives limited information about the actual trade-off between
predictive gain and the structure of the resulting pipeline.

Preprocessing selection therefore involves two legitimate
questions: how well does a candidate predict, and how compli-
cated is it to implement and inspect? A single weighted score
hides part of that choice. Pareto optimization instead retains can-
didates for which improvement in one objective would require
a loss in the other. Evolutionary search through NSGA-II and
Bayesian search through MOTPE offer distinct ways of exploring
such non-dominated solutions [22–24]. Although these algo-
rithms are established in multi-objective learning and engineering
design, their explicit use for interpretable, deployment-aware NIR
preprocessing has received much less attention than error-only
search.

To address this gap, we developed a constrained multi-
objective framework for selecting interpretable NIR preprocessing
pipelines. It minimizes root mean square error of cross-validation
(RMSECV) together with the number of active operations and
permits only chemically defensible orders of SNV, MSC, detrend-
ing, and Savitzky–Golay transformations. Random Search pro-
vides a non-guided reference, while NSGA-II and MOTPE are
compared under the same evaluation budget. PLSR was chosen
as the primary calibration model so that gains from preprocess-
ing could be examined without introducing an opaque predictor.
The evaluation uses six public NIR and visible-NIR datasets, fixes
the validation subsets before search, and compares the selected
pipelines with manual references. Additional experiments examine
optimizer stability over 10 seeds, nonlinear calibration, multi-
target prediction, and joint wavelength selection. This design
allows the framework to be assessed both when automated search
helps and when a simple manual treatment remains the stronger
choice.

2. Materials and Methods

2.1. Proposed framework and methodological
contributions

Given calibration spectra Xcal and reference responses
ycal, the proposed framework generates ordered and parameter-
ized preprocessing sequences, evaluates every feasible candidate
through leakage-aware cross-validation, and returns a Pareto set
that balances predictive error and structural pipeline complexity.

The framework output is therefore not a single opaque optimum
but an auditable set of non-dominated alternatives. A representa-
tive solution is selected using calibration-derived objectives only,
refitted on the complete calibration subset, and evaluated once on
the held-out data; validation responses are not used to construct
the Pareto front or choose the final pipeline.

The proposed methodology contributes four linked elements.
First, an order-sensitive chemometric representation excludes
repeated operations, mutually incompatible scatter corrections,
and redundant Savitzky–Golay transformations. Second, sim-
plicity is modeled explicitly as a competing objective rather
than considered only after error minimization. Third, Random
Search is retained only as a non-guided control, whereas NSGA-
II and MOTPE provide matched evolutionary and Bayesian
multi-objective comparisons. Fourth, the experimental protocol
integrates Pareto quality, independent root mean square error
of prediction (RMSEP), structural complexity, residual behav-
ior, predefined manual references, a matched advanced-optimizer
comparison, and methodological positioning against recent auto-
mated preprocessing approaches within one validation-aware
assessment. Figure 1 summarizes the workflow and the separation
between calibration-only optimization and final held-out testing.

2.2. Experimental protocol

The experiment comprised three phases (Figure 1). Phase
I established six public spectral benchmarks and separated cali-
bration from validation samples before any search was performed.
Phase II generated feasible pipelines containing up to four ordered
active operations and evaluated them using RMSECV and struc-
tural complexity. Random Search, NSGA-II, and MOTPE each
received the same budget of 200 candidate evaluations per
dataset. Phase III constructed the calibration-derived Pareto set,
selected the non-dominated pipeline with the lowest RMSECV
(using lower complexity as the tiebreaker), refitted the com-
plete preprocessing-PLSR pipeline on all calibration samples,
and assessed RMSEP and R² once on the held-out subset.
The reported representative pipeline therefore follows an error-
prioritized decision rule, while the complete Pareto set preserves
alternative accuracy–complexity choices.

The same data partition, preprocessing library, PLSR config-
uration, and evaluation budget were used for all search methods.
Corn was partitioned with group awareness so spectra from the
same physical sample could not occur in both subsets, whereas
the original CGL_NIR calibration-test division was retained. For
the other datasets, calibration and validation sets were fixed
before optimization. Data-dependent quantities, including the
MSC reference spectrum, were estimated from training data
only. These controls separate optimizer performance from final
generalization and reduce information leakage [25].

2.3. Benchmark datasets

We selected six public NIR or visible-NIR datasets that dif-
fer in matrix, wavelength coverage, instrumentation, and response
variable (Table 1). The collection spans corn grain, a controlled
synthetic mixture, wheat, mango fruit, soil, and raw milk. Using
heterogeneous benchmarks was important: a search procedure
that works for only one matrix would provide little evidence that
its accuracy–complexity choices are useful under other spectral
conditions.

Corn contains measurements from several NIR instruments
and therefore provides a test of instrument-related variation.
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Figure 1
Experimental workflow of the proposed AI-driven multi-objective framework for interpretable NIR spectral preprocessing

Table 1
Characteristics of the public benchmark datasets used for evaluating the proposed preprocessing framework

Dataset Matrix Spectra
Spectral

range (nm) Variables Primary target Instrument information

Corn Grain 240 1100–2498 700 Moisture m5, mp5, mp6

CGL_NIR Synthetic
mixture

231 1104–2495 117 Casein NIRSystems 6500

Wheat Cereal grain 149 1100–2500 700 Moisture Foss NIRSYSTEM
6500/5000

Mango Fruit 1000 309–1149 306 Dry matter Portable fruit spectrometer

Soil Organic
Matter

Soil 190 901–1700 230 Organic matter Homemade NIR
spectrometer

Milk Dairy 1224 960–1690 256 Fat Zeiss NIR 1.7-256

CGL_NIR is a laboratory mixture of casein, glucose, lactate, and
moisture. The Wheat and Mango datasets use moisture and dry
matter, respectively, as the primary responses. Soil Organic Mat-
ter was measured with a homemade NIR spectrometer, whereas
the Milk spectra were acquired in transmittance mode and mod-
eled for fat content [26]. Where a dataset supplied several response
variables, one was designated in advance for the main experiment
so that the optimization protocol remained comparable. Dataset
locations and access details are reported in the Data Availability
Statement.

2.4. Pipeline representation and constrained search
space

The search library comprised six operations used routinely
in NIR chemometrics: SNV, MSC, detrending, Savitzky–Golay
smoothing, and first- or second-derivative Savitzky–Golay filter-
ing. Together they address the principal disturbances considered

in this work, namely, scatter, baseline variation, high-frequency
noise, and poorly resolved local features [5, 7, 9, 10]. Table 2 lists
their roles, parameter ranges, and search constraints.

Each candidate was encoded as an ordered list of no more
than four operation-parameter pairs. An operation could appear
only once. Because SNV and MSC address related scatter effects,
the two were not allowed in the same candidate. Likewise,
a pipeline could contain only one Savitzky–Golay transforma-
tion. These restrictions removed redundant or difficult-to-defend
sequences while leaving the order of compatible operations
available for search [17, 19].

For a Savitzky–Golay operation, the search selected an odd
window length from 5 to 25 and a polynomial order from 2 to 4.
A proposed window was rejected when it exceeded the number of
wavelengths available in the dataset. Candidates that produced non-
finite values were not allowed to compete normally; they received
a large error value. This handling kept numerical failures inside the
recorded search while preventing them from being selected.
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Table 2
Candidate preprocessing operations and constraints used in the constrained search space

Operation Main purpose Optimized parameter Constraint

None Skip a pipeline position Not applicable Allowed in any position

Standard normal
variate

Reduce multiplicative scatter and
scaling differences

Not applicable Maximum once; not combined
with MSC

Multiplicative
scatter correction

Correct additive and multiplicative
scatter effects

Reference spectrum esti-
mated from training
data

Maximum once; not combined
with SNV

Detrending Remove low-order baseline
curvature

Polynomial order fixed at 2 Maximum once

Savitzky–Golay
smoothing

Reduce high-frequency spectral
noise

Window length; polynomial
order

Maximum one SG-based operation
per pipeline

Savitzky–Golay first
derivative

Reduce baseline variation and
enhance local spectral features

Window length; polynomial
order

Not combined with other SG
transformations

Savitzky–Golay
second derivative

Enhance overlapping bands and
curvature-related features

Window length; polynomial
order

Not combined with other SG
transformations

2.5. Bi-objective optimization and Pareto-solution
selection

We treated preprocessing selection as the bi-objective min-
imization problem in Equation (1) [27]. One objective is the
cross-validated prediction error, and the other is pipeline length.
The second objective matters because an extra transformation is
useful only when its predictive benefit warrants the added imple-
mentation and interpretation burden. Thus, a simpler candidate
remains competitive whenever its validation-oriented calibration
performance is close to that of a longer sequence.

Let p be a feasible preprocessing pipeline from the con-
strained set P. Equation (1) gives the joint minimization. Its error
term, f 1(p), is RMSECV as defined in Equation (2); its structural
term, f 2(p), is the complexity measure in Equation (3).

min
p∈P

f( p) = [ f1( p), f2( p)] (1)

f1( p) = RMSECV( p) (2)

f2( p) = C( p) (3)

Here C( p) is simply the number of active preprocessing opera-
tions: raw spectra have C( p) = 0 and a two-operation pipeline has
C( p) = 2. It is a structural measure, not a timing benchmark. We
used it because sequence length can be read directly, audited, and
translated to a deployment workflow. Optimization returns a set
of non-dominated candidates rather than one weighted optimum.
For reporting the held-out result, we chose the Pareto candidate
with the smallest calibration RMSECV and used C( p) only to
break a tie. The validation responses played no part in that choice.

All three searches received 200 evaluations for each dataset.
Random Search sampled feasible candidates without guidance
and served as the control. NSGA-II ranked a population by
non-dominated sorting and maintained spread through crowd-
ing distance [22]. MOTPE instead estimated promising and less
promising regions of the search space and used those distributions
to propose subsequent trials [23]. Equal budgets were essential
because they made differences in the discovered fronts attributable
to search behavior rather than to unequal numbers of candidate
evaluations.

2.6. Leakage-aware calibration and independent
validation

PLSR served as the base predictor. It remains widely used
for high-dimensional, collinear NIR spectra and retains a latent-
variable structure that can be inspected [8, 28]. We capped the
model at 10 latent variables and reduced that limit automati-
cally when the calibration sample count or wavelength dimension
required it. This gave the model enough flexibility for the
benchmark tasks without permitting an unrestricted latent space.

Every preprocessing parameter was estimated inside the
corresponding cross-validation fold. SNV, detrending, and Sav-
itzky–Golay filters act on individual spectra and were applied
within the fold workflow. MSC required additional care: its ref-
erence spectrum was computed from the training fold and then
used unchanged for that fold’s validation spectra. At no point was
a validation-fold spectrum included in an estimated preprocessing
reference [25, 29].

Once the calibration Pareto front had been formed, the
selected transformation and PLSR model were fit again using
the entire calibration subset. That fitted pipeline was then eval-
uated once on the untouched held-out subset. Manual reference
pipelines followed exactly the same split and fitting procedure. The
reported RMSECV therefore describes selection within calibra-
tion data, whereas RMSEP measures subsequent generalization.
Keeping those stages separate prevents the final validation result
from steering pipeline choice.

2.7. Evaluation metrics and comparative protocol

Prediction performance during optimization was measured
using RMSECV, while final generalization performance was
evaluated using the RMSEP on the held-out validation subset.
RMSEP was used as the main metric for comparing optimized
pipelines with manual preprocessing baselines because it reflects
prediction performance on samples that were not used during
optimization. The coefficient of determination (R2) was also
reported to describe the proportion of validation-set variance
explained by the model.

Pareto-front quality was evaluated using normalized hyper-
volume and Pareto-set size [24, 30]. Within each dataset, the same
objective normalization and reference definition were applied
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to Random Search, NSGA-II, and MOTPE. A larger normal-
ized hypervolume indicates that the discovered front is closer
to the desirable objective region and/or provides broader useful
coverage, but it does not replace independent validation.

Equation (4) expresses the RMSEP change relative to the
strongest manual reference. For the controlled algorithm compar-
ison, NSGA-II and MOTPE used the same datasets, partitions,
PLSR settings, search rules, and 200-trial budget; Random
Search remained a non-guided control. We also compared the
framework’s design with recent automated preprocessing studies
[16–19, 21]. Their published errors were not combined because the
underlying datasets, target variables, operation libraries, calibra-
tion models, and validation protocols differ. Pooling those values
would imply a numerical comparison that the study designs do
not support.

Improvement (%) = RMSEPmanual − RMSEPoptimized
RMSEPmanual

× 100

(4)

2.8. Implementation and reproducibility

The experiments were run in Python. NumPy and pandas
handled arrays and data organization, SciPy and project-specific
functions implemented the spectral operations, and scikit-learn
supplied PLSR, cross-validation, and evaluation metrics. Optuna
was used to organize the Random Search, NSGA-II, and
MOTPE studies [31]. The same fixed partitions, preprocessing
rules, PLSR limits, and trial budgets were passed to each search.
The extension analyses used scikit-learn’s radial-basis-function
support vector regression (SVR) and XGBoost regression. Pro-
cessed results, optimization histories, and source code will
accompany the public repository so that candidate generation and
selection can be reproduced.

2.9. Robustness and extension experiments

We ran four extensions while leaving every held-out parti-
tion unchanged. The first examined stochastic stability. NSGA-II

and MOTPE were rerun with seeds 11, 22, 33, 44, 55, 66, 77, 88,
99, and 111; each run again contained 200 evaluations. For every
optimizer-dataset pair, we recorded held-out RMSEP, R², nor-
malized hypervolume, pipeline complexity, Pareto-set size, and
the frequency of the selected pipeline. For this analysis only,
hypervolume was normalized jointly across the 10 seeds and both
optimizers within each dataset. It therefore measures variation
between runs and should not be compared numerically with the
single-run hypervolumes in Table 3.

The second extension held preprocessing fixed and changed
the calibration model. We took the most frequent pipeline from
the 10-seed experiment and paired it with PLSR, radial-basis-
function SVR (C = 10, epsilon = 0.1, gamma = scale), or
XGBoost (250 trees, maximum depth 4, learning rate 0.05,
subsample 0.8, and column subsample 0.8). Because no new pre-
processing search was run for these comparisons, any change in
held-out error can be attributed to the calibration model rather
than to a different transformation sequence.

Third, datasets containing multiple response variables were
re-optimized in a multi-target setting using PLS2. Because
response variables have different units, the optimization objec-
tive was the macro-average normalized root mean square error
(RMSE), obtained by dividing each target RMSE by its
calibration-set standard deviation before averaging. Corn used
moisture, oil, protein, and starch; CGL_NIR used casein, glu-
cose, lactate, and moisture; Wheat used moisture and protein;
Soil Organic Matter used organic matter and total carbon; and
Milk used fat, protein, and lactose. Mango was not included
because only dry matter was available in the analyzed dataset.
A fixed budget of 120 evaluations per optimizer was used for this
extension.

Fourth, wavelength selection was integrated as an exploratory
third objective together with cross-validated error and pre-
processing complexity. The selector searched an interpretable
contiguous wavelength interval with a width between 25% and
90% of the available variables, while also allowing the full spec-
trum. The selected wavelength fraction was minimized as the
third objective, and each optimizer received 120 evaluations per

Table 3
Pareto-front quality under constrained preprocessing optimization

Dataset Algorithm Normalized hypervolume Pareto size

Corn Random Search 0.7434 2
NSGA-II 0.7500 1
MOTPE 0.7444 4

CGL_NIR Random Search 0.7410 2

NSGA-II 0.7491 1
MOTPE 0.7491 2

Wheat Random Search 0.7228 3
NSGA-II 0.7175 2
MOTPE 0.7291 4

Mango Random Search 0.7495 2

NSGA-II 0.7497 3
MOTPE 0.7498 4

Soil Organic Matter Random Search 0.7500 1

NSGA-II 0.7469 2
MOTPE 0.7481 3

Milk Random Search 0.7446 2
NSGA-II 0.7421 2
MOTPE 0.7443 4
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dataset. Final assessment again used the unchanged held-out
subset. To investigate the Wheat exception, sample-wise mul-
tiplicative slope and additive offset dispersion were estimated
relative to the mean calibration spectrum before and after SNV,
and Raw, manual SNV, and the most frequently selected opti-
mized Wheat pipeline were compared under PLSR, SVR, and
XGBoost.

3. Results and Discussion

3.1. Pareto-front quality

A non-dominated preprocessing set was obtained for every
benchmark (Figure 2). Each point is one pipeline, located by
its RMSECV and number of active operations; connecting lines
identify points returned by the same search. The fronts are gen-
erally concentrated at low complexity. In practical terms, one
or two operations were enough to reach most of the useful
error-complexity region. Adding further transformations rarely
delivered a commensurate calibration gain. This pattern is chem-
ically plausible because preprocessing is intended to remove a
dominant nuisance effect, not to accumulate transformations
without a clear spectral purpose [5, 7].

Table 3 reports normalized hypervolume and the number
of Pareto solutions. The three algorithms often produced similar
hypervolumes, although the ordering changed by dataset. NSGA-
II was highest for Corn and shared the highest value with MOTPE
for CGL_NIR. MOTPE led for Wheat and Mango, whereas Ran-
dom Search was highest for Soil Organic Matter and Milk. No
method therefore controlled the full set of benchmarks. The small
gaps also suggest that the chemical constraints removed much of
the unproductive search space, leaving several methods able to
reach useful low-complexity candidates.

The absence of a universal winner is consistent with how
the two guided optimizers search. NSGA-II keeps a population
and protects diversity through sorting and crowding distance [22].
MOTPE learns probability models from completed trials and
samples regions judged more promising [23]. Which mechanism
is favored depends on the interaction among the spectral matrix,
allowed preprocessing orders, and PLSR response surface; that
interaction was different for each dataset.

Hypervolume alone did not identify the pipeline that gen-
eralized best. It summarizes coverage and dominance in the
calibration objective space, while validation RMSEP answers a
different question: how the selected pipeline predicts samples
excluded from search. In several datasets, the optimizer with the
larger front indicator did not produce the lowest held-out error.
We therefore interpret Pareto quality alongside, rather than in
place of, independent validation [24, 25].

3.2. Independent validation performance

Table 4 compares the two guided multi-objective optimizers
under the controlled held-out protocol. NSGA-II gave the lower
RMSEP for Corn, Mango, and Soil Organic Matter; MOTPE
gave the lower value for Wheat; and the two methods tied for
CGL_NIR and Milk. When ranks were averaged across these
six datasets, NSGA-II had the better validation-RMSEP rank
(1.33 versus 1.67), while MOTPE had the better normalized-
hypervolume rank (1.25 versus 1.75). NSGA-II was best or tied
for RMSEP in five datasets and MOTPE in three. The difference
between these rankings indicates that Pareto-front coverage and
the generalization of the selected representative pipeline capture
different aspects of optimizer performance.

The validation results varied substantially across datasets.
CGL_NIR produced an almost perfect validation (R2), which

Figure 2
Pareto fronts obtained from constrained multi-objective preprocessing optimization across six benchmark datasets: (a) Corn,

(b) CGL_NIR, (c) Wheat, (d) Mango, (e) Soil Organic Matter, and (f) Milk
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Table 4
Independent validation performance of optimized preprocessing pipelines

Dataset Algorithm RMSECV RMSEP (R2) Complexity Selected pipeline

Corn NSGA-II 0.1362 0.1333 0.8626 1 SG first derivative
MOTPE 0.1374 0.1366 0.8557 2 SG first derivative → detrend

CGL_NIR NSGA-II 0.5035 0.5202 0.9993 1 SG second derivative

MOTPE 0.5035 0.5202 0.9993 1 SG second derivative
Wheat NSGA-II 0.6729 0.7099 0.7114 2 SG first derivative → detrend

MOTPE 0.6627 0.7062 0.7144 2 Detrend → SG first derivative
Mango NSGA-II 1.9502 2.1355 0.3170 2 SG smoothing → detrend

MOTPE 1.9492 2.1448 0.3111 2 SG smoothing → detrend

Soil Organic
Matter

NSGA-II 0.8870 0.8490 0.7236 1 SG smoothing

MOTPE 0.8805 0.8588 0.7172 1 SG smoothing

Milk NSGA-II 0.0797 0.1169 0.9796 2 MSC → SG smoothing

MOTPE 0.0797 0.1169 0.9796 2 SG smoothing → MSC

is plausible because it represents a controlled mixture sys-
tem with well-defined constituent variation. Milk also showed
strong predictive performance, with validation (R2) close to
0.98. The selected Milk pipelines combined smoothing and
scatter correction, which is consistent with the need to stabi-
lize transmittance-mode milk spectra affected by scattering and
physical variation in dairy constituents [16, 26].

Corn and Soil Organic Matter yielded moderate-to-strong
held-out performance, but for different apparent reasons. On
Corn, the NSGA-II solution was a single Savitzky–Golay first
derivative and gave the smallest RMSEP. Removing baseline
structure without a longer sequence was sufficient even though
the data include multiple instruments. Soil Organic Matter instead
favored Savitzky–Golay smoothing, which points to noise attenu-
ation rather than derivative enhancement as the useful correction
for that dataset. The contrast agrees with soil spectroscopy evi-
dence that preprocessing effects depend on spectral coverage,
matrix, and target property [32, 33].

Wheat and Mango remained more difficult. The lower val-
idation performance for Mango suggests that constrained linear
preprocessing combined with PLSR did not fully capture the vari-
ability of fruit spectra. Fruit spectroscopy is often affected by
biological heterogeneity, tissue structure, maturity stage, moisture
distribution, and scattering effects; in some cases, preprocess-
ing may even remove variation that is physically related to the
target quality attribute [12, 34, 35]. This result supports the
view that preprocessing optimization should not be evaluated

only as a calibration-improvement procedure, but as part of a
broader modeling workflow that may also require nonlinear mod-
els, wavelength selection, or external covariates. The additional
model and wavelength-selection experiments in Section 3.7 test
these possibilities directly. The optimized pipelines were gener-
ally short. Corn, CGL_NIR, and Soil Organic Matter required
only one preprocessing operation, while Wheat, Mango, and Milk
required two operations. The result is notable because the search
did not gain accuracy simply by accumulating transformations;
it repeatedly selected compact pipelines that balance predictive
performance and interpretability. Such behavior is desirable for
portable and field-oriented NIR systems, where computational
simplicity, auditability, and ease of deployment are practical
requirements [4, 13].

3.3. Comparison with manual baselines

Table 5 compares the best optimized pipeline with the best
manual preprocessing baseline for each dataset. Positive values
indicate that the optimized pipeline reduced validation RMSEP
relative to the best manual baseline, while negative values indi-
cate that the manual baseline generalized better. The optimized
pipelines reduced validation error in five of the six datasets. The
largest relative improvement was obtained for Milk, where the
optimized pipeline reduced RMSEP by 16.88% compared with
the best manual baseline. CGL_NIR and Corn also showed clear
improvements, with RMSEP reductions of 12.30% and 10.32%,

Table 5
Comparison between the best manual baseline and the best optimized preprocessing pipeline

Dataset Best manual baseline

Best
manual
RMSEP

Best
optimized
algorithm

Best
optimized
RMSEP

RMSEP
change
(%) Best optimized pipeline

Corn Raw 0.1486 NSGA-II 0.1333 10.32 % SG first derivative
CGL_NIR SNV + SG first derivative 0.5932 NSGA-II 0.5202 12.30 % SG second derivative

Wheat SNV 0.6000 MOTPE 0.7062 –17.70 % Detrend → SG first
derivative

Mango Raw 2.2191 NSGA-II 2.1355 3.76 % SG smoothing → detrend

Soil Organic Raw 0.8861 NSGA-II 0.8490 4.20 % SG smoothing

Milk SNV 0.1407 MOTPE 0.1169 16.88 % SG smoothing → MSC
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respectively. Mango and Soil Organic Matter showed more mod-
est improvements, indicating that the benefit of preprocessing
optimization depends on how well the available transformations
address the dominant source of irrelevant spectral variation.

A strong manual comparator is necessary for interpreting
these gains. Some automation studies report improvement over
only a narrow set of conventional treatments. Open-source screen-
ing, genetic search, Bayesian optimization, Combinatorial Order
Pre-processing Search (COPS), and other automated frameworks
have already reduced manual effort and improved repeatability
[16–19]. The present experiment adds a different comparison:
candidates compete on both error and pipeline length, and the
selected result is still tested against the best predefined manual
baseline.

Wheat is the informative exception. Manual SNV produced
a lower validation RMSEP than any selected optimized pipeline.
Rather than treating this outcome as a failure to be hidden, we
use it to define the framework’s role: it supports a preprocess-
ing decision but does not guarantee that automation will beat
a simple treatment. For these spectra, SNV appears to remove
the principal scatter component without the additional alteration
introduced by a derivative or detrending step. Similar reversals
have been reported when preprocessing interacts unfavorably with
a dataset or its validation split [5, 7, 12].

The diagnostic calculations support that interpretation.
Across the 10-seed runs, the most frequent Wheat solution
was Savitzky–Golay smoothing with window 25 and polynomial
order 3; with PLSR, it gave RMSEP = 0.6167 and R² = 0.7822.
Manual SNV gave RMSEP = 0.6000 and R² = 0.7939. After SNV,
the between-sample standard deviation of multiplicative slope fell
from 0.05973 to 0.000852, and that of the additive offset fell from
0.006246 to approximately 2.3 × 10−16. Scatter was therefore a
major nuisance component. Because moisture has a broad NIR
response, adding smoothing, differentiation, or detrending after
scatter correction may redistribute useful low-frequency structure.
Changing the model did not overturn the result: SNV+SVR gave
RMSEP = 0.6322, and SNV+XGBoost gave 0.8093, both above
SNV+PLSR [7, 10].

This case also shows why cross-validation and a Pareto
front are not sufficient on their own. Had the manual baseline
or held-out subset been omitted, the optimized Wheat pipeline

would have looked favorable despite its weaker generalization.
The independent comparison exposes that difference and guards
against the optimistic interpretation that can follow leakage or
repeated use of validation data [25].

3.4. Matched optimizer comparison and
methodological positioning

The matched experiment directly compares the two advanced
multi-objective optimizers instantiated within the proposed frame-
work. As summarized in Table 6, NSGA-II favored the held-out
performance of the selected representative solution, whereas
MOTPE provided stronger average Pareto-front coverage. Ran-
domSearch is reported inTable 3 solely as anon-guided control and
is not treated as an external automated preprocessing comparator.

Table 6 places the framework beside recent Bayesian,
combinatorial, parsimonious, and multi-objective preprocessing
searches [16, 17, 19, 21]. This is a design-level comparison, not
a pooled performance test. The published studies use different
spectra, response variables, operation libraries, regression models,
and validation protocols, so their RMSEP values do not share a
common denominator. The table accordingly separates evidence
generated under the matched experiment from methodological
similarities reported across studies.

3.5. Convergence and multi-seed stability

The selected and Pareto-efficient pipelines remained dataset-
specific. Savitzky–Golay first derivatives were prominent for
Corn and Wheat, the second derivative characterized CGL_NIR,
smoothing appeared for Mango, Soil Organic Matter, and Milk,
MSC was mainly associated with Milk, and detrending appeared
for Wheat and Mango. This composition confirms that the search
did not converge to a universal preprocessing recipe. Figure 3
presents cumulative normalized hypervolume over 200 evalua-
tions. Most curves improved rapidly and then approached a
plateau, indicating that the constrained space was tractable under
the present configuration.

Convergence remained dataset-dependent, reflecting differ-
ences in sample heterogeneity, target structure, and preprocessing-
model interactions. To quantify stochastic repeatability, both

Table 6
Matched optimizer comparison and methodological positioning against recent automated preprocessing approaches

Approach Search formulation Simplicity treatment
Comparison

evidence Validation scope

Framework with
NSGA-II

Evolutionary Pareto
search

Explicit structural C( p) RMSEP rank 1.33;
HV rank 1.75

Six datasets; matched budget;
held-out validation

Framework with
MOTPE

Bayesian Pareto
search

Explicit structural C( p) RMSEP rank 1.67;
HV rank 1.25

Six datasets; matched budget;
held-out validation

Bayesian opti-
mization
[16]

Bayesian single-
objective
search

Prediction-oriented; no
explicit Pareto complexity

Cross-study
positioning

Milk spectroscopy study

COPS [17] Order-aware
combinatorial
search

Chemical and sequence
constraints

Cross-study
positioning

Process analytical technology
data

Automated
framework [19]

Automated par-
simonious
search

Complexity han-
dled through search
design/penalty

Cross-study
positioning

Reported NIR benchmark
studies

MOBO [21] Multi-objective
Bayesian search

Multiple preprocessing
objectives

Cross-study
positioning

Application-specific NIR data
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Figure 3
Hypervolume convergence during constrained multi-objective preprocessing optimization: (a) Corn, (b) CGL_NIR, (c) Wheat,

(d) Mango, (e) Soil Organic Matter, and (f) Milk

guided optimizers were rerun with 10 fixed seeds using the same
200-evaluation budget. Held-out RMSEP mean ± SD values for
NSGA-II/MOTPE were 0.1341 ± 0.0018 / 0.1350 ± 0.0023 for
Corn, 0.5201 ± 0.0157 / 0.4995 ± 0.0390 for CGL_NIR, 0.6151± 0.0447 / 0.6137 ± 0.0447 for Wheat, 2.1416 ± 0.0395 / 2.1596± 0.0372 for Mango, 0.8419 ± 0.0091 / 0.8379 ± 0.0166 for
Soil Organic Matter, and 0.1182 ± 0.0016 / 0.1173 ± 0.0010 for
Milk. Thus, predictive performance was highly stable for Corn
and Milk, remained reasonably stable for Soil Organic Matter and
Mango, and showed greater seed sensitivity for CGL_NIR and
Wheat.

Pareto-front quality also varied across seeds, with normalized-
hypervolume standard deviations ranging from 0.015 to 0.222
depending on dataset and optimizer. These stability hypervolumes
used a common within-dataset normalization across all seeds and
are therefore not numerically comparable with Table 3. Exact
representative-pipeline repeatability ranged from 20% to 80%: the
most frequent Corn NSGA-II pipeline was recovered in 70% of
runs and themost frequentMilkMOTPEpipeline in 80%, whereas
Wheat and Mango showed 20% repeatability. The stronger stabil-
ity ofRMSEP than of exact pipeline identity indicates thatmultiple
preprocessing sequences can occupy similarly useful regions of
the Pareto front, which is consistent with the decision-support
interpretation of the framework.

3.6. Residual analysis

Figure 4 plots held-out residuals against reference values
for the NSGA-II and MOTPE pipelines. The dashed horizon-
tal line marks zero error. CGL_NIR and Milk form tight clouds
around that line, consistent with their high validation R² values.
Corn and Soil Organic Matter show a broader, but still moderate,

spread. Wheat and Mango differ: their residuals are wider and
display visible structure rather than random scatter. The graphical
evidence therefore agrees with the RMSEP comparison in
Table 4 and also shows where similar summary errors conceal
different residual patterns.

The residual plots also clarify why preprocessing cannot be
prescribed uniformly. For the controlled CGL_NIR mixture and
for Milk, the selected operations appear to suppress nuisance
variation while retaining the response signal. Mango retains a
trend across the reference range, suggesting a modeling limita-
tion beyond the order of preprocessing alone. This is credible
for intact fruit, where path length, skin and surface properties,
internal tissue, and maturity vary together [12, 34, 35]. Wheat
shows a different problem. Its residual behavior and the lower
error from manual SNV indicate that direct scatter correction
was more robust on the chosen split than the derivative-based
solutions returned by search.

Taken together, the held-out results favor the optimized
pipeline for five datasets, most clearly for Milk, CGL_NIR,
and Corn. Gains for Mango and Soil Organic Matter are
smaller, and Wheat favors the manual reference. The framework
should therefore be read as a way to expose and test concise
accuracy–complexity choices. It does not remove the need for
chemometric judgment, nor does it justify selecting a pipeline
from calibration indicators without an independent check.

3.7. Nonlinear, multi-target, and wavelength-selection
extensions

Using the most frequent preprocessing pipeline from the
stability experiment, PLSR remained the best held-out calibra-
tion model for Corn (RMSEP = 0.1332), CGL_NIR (0.4809),
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Figure 4
Residual analysis of optimized preprocessing pipelines on independent validation subsets: (a) Corn, (b) CGL_NIR, (c) Wheat,

(d) Mango, (e) Soil Organic Matter, and (f) Milk

Wheat (0.6167), Soil Organic Matter (0.8383), and Milk (0.1169).
Mango was the clear exception: with the MOTPE-derived SG
second-derivative→ detrend pipeline, SVR and XGBoost reduced
RMSEP from 2.1896 with PLSR to 1.4956 and 1.4946, respec-
tively, with XGBoost reaching R² = 0.6504. This result confirms
a meaningful preprocessing-model interaction for the biologically
heterogeneous fruit dataset, while also showing that nonlinear
models are not universally advantageous.

The multi-target extension also preserved compact prepro-
cessing solutions. Validation macro-averaged normalized root
mean square error (macro-NRMSE) for NSGA-II/MOTPE
was 0.3997/0.3989 for Corn, 0.0258/0.0282 for CGL_NIR,
0.4124/0.4124 for Wheat, 0.5124/0.5308 for Soil Organic Matter,
and 0.5810/0.5730 for Milk, with selected pipelines containing
only one or two operations. These results demonstrate that
the optimization can be applied to multiple chemical responses
simultaneously rather than only to a single target, although target-
specific difficulty remained evident, particularly for the Milk
protein and lactose responses.

The tri-objective wavelength-selection extension produced
strongly dataset-dependent dimensionality reductions. The best
held-out configurations included CGL_NIR with 92/117 wave-
lengths (21.4% reduction, NSGA-II RMSEP = 0.3520), Wheat
with 499/700 wavelengths (28.7% reduction, MOTPE RMSEP
= 0.5829, R² = 0.8055), Mango with 82/306 wavelengths (73.2%
reduction, MOTPE RMSEP = 1.0307, R² = 0.8337), and Milk
with 92/256 wavelengths (64.1% reduction, MOTPE RMSEP
= 0.1083, R² = 0.9825). Corn under NSGA-II and Soil Organic
Matter under both optimizers retained the full spectral range,
showing that aggressive wavelength reduction is not universally
beneficial. Notably, the Wheat wavelength-selection result sur-
passed the manual SNV reference (RMSEP = 0.6000), suggesting
that its original preprocessing-only limitation arose partly from
spectral redundancy rather than from a failure of multi-objective
optimization.

The extensions change the scope of the conclusion with-
out making it universal. The same decision framework can
accommodate another regression family, several responses, or a
wavelength-range objective, but the best combination remained
specific to the dataset. Added flexibility brought substantial gains
in some cases and none in others. This uneven response is precisely
why the held-out partition was kept fixed for every extension.

4. Conclusion

We formulated NIR preprocessing as a constrained choice
between calibration error and pipeline length. Across six public
NIR and visible-NIR datasets, the resulting search usually selected
one or two operations and reduced held-out RMSEP relative to
the strongest manual reference in five cases. The benefit was most
pronounced for Milk, CGL_NIR, and Corn and more modest
for Mango and Soil Organic Matter. Wheat did not follow that
pattern: direct SNV generalized better than the preprocessing-only
search results. This counterexample is central to the interpretation.
Automated search is useful when it exposes defensible alternatives,
but its calibration optimum cannot be assumed to outperform a
simple baseline on new samples.

NSGA-II and MOTPE also emphasized different aspects
of performance. NSGA-II had the better mean rank for valida-
tion RMSEP, whereas MOTPE had the better mean hypervolume
rank. Coverage of the calibration Pareto front and general-
ization of one selected pipeline are therefore complementary
rather than interchangeable criteria. The practical contribution of
the framework is the combination of order-aware chemometric
constraints, an explicit error-complexity front, leakage-controlled
fitting, and a final comparison with held-out data and manual
treatments.

The robustness experiments add two qualifications. First,
held-out error was often stable even when the exact selected
sequence changed across seeds, indicating that several short
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pipelines can perform similarly. Second, extra modeling flexibility
was useful only where the data supported it: nonlinear calibra-
tion chiefly improved Mango, while joint wavelength selection
reduced the Wheat RMSEP to 0.5829, below the manual SNV
value of 0.6000. Multi-target searches likewise retained pipelines
containing only one or two operations.

Further work should evaluate the framework under exter-
nal instrument and field shifts rather than only fixed benchmark
partitions. Joint tuning of preprocessing and nonlinear-model
parameters, repeated-seed experiments with larger budgets, and
chemically informed non-contiguous wavelength selection are also
needed. Such tests would show whether the present stability
and dimensionality reductions persist under conditions closer to
deployment.
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