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Palm oil mill effluent (POME) significantly degrades water quality by increasing chemical
oxygen demand (COD), biochemical oxygen demand (BOD), and total suspended solids
(TSS). This study investigates near-infrared spectroscopy (NIR) combined with machine
learning as a rapid measurement approach for these parameters. A dataset of 45 samples,
including POME, river, and irrigation water, was analyzed. Spectral data (780-2500 nm)
were preprocessed using Multiplicative Scatter Correction (MSC), Standard Normal
Variate (SNV), and Savitzky—Golay (SG) filtering. Predictive models, including eXtreme
Gradient Boosting (XGB), Ridge, Lasso, and Support Vector Regression (SVR), were
developed using a calibration dataset and evaluated using a hold-out validation dataset.
Among the evaluated models, SVR combined with SG preprocessing achieved the best
performance for COD, with a coefficient of determination (R?) of 0.94, root mean square
error of prediction (RMSEP) of 90.26, and residual predictive deviation (RPD) of 3.41,
and also showed strong predictive capability for TSS. In comparison, XGB with MSC
yielded the highest accuracy for BOD, with R? 0f 0.97, RMSEP of 30.70, and RPD of 3.29.
These results suggest that the integration of spectral preprocessing with machine learning

offers a reliable and rapid approach for water quality assessment.

1. INTRODUCTION

Palm oil mill effluent (POME) is one of the most significant
environmental pollutants generated by the palm oil industry,
particularly in major producing countries such as Indonesia
and Malaysia [1]. Due to its high organic load, oil and grease
content, and suspended solids, untreated or poorly treated
POME can severely degrade water quality when discharged
into surrounding ecosystems. Key indicators of this pollution
include chemical oxygen demand (COD), biochemical oxygen
demand (BOD), and total suspended solids (TSS), which are
widely used to evaluate the level of organic contamination in
water bodies [2]. Elevated concentrations of these parameters
can lead to oxygen depletion, eutrophication, and adverse
impacts on aquatic organisms and ecosystem stability [3].

Conventional analytical methods for determining COD,
BOD, and TSS are well established but present several
limitations in terms of efficiency and practicality. COD
measurement typically involves the use of strong oxidizing
agents under controlled laboratory conditions, while BOD
analysis requires a standard incubation period of five days [4].
Similarly, TSS determination involves filtration and
gravimetric analysis, which are labor-intensive and time-
consuming. These methods are not suitable for real-time
monitoring or rapid assessment, especially in dynamic
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environmental systems where pollutant levels may fluctuate
significantly. In response to these limitations, spectroscopic
techniques have emerged as promising alternatives for rapid
and non-destructive water quality analysis. Among these,
near-infrared spectroscopy (NIR) has gained increasing
attention due to its ability to provide fast measurements with
minimal or no sample preparation [5]. NIR spectroscopy
operates in the wavelength range associated with overtones
and combination bands of molecular vibrations, allowing
indirect characterization of chemical and physical properties
of complex samples [6, 7].

Recent studies have demonstrated the potential of NIR and
related spectroscopic methods for predicting water quality
parameters, including COD, BOD, and TSS. For example, Qi
et al. [7] and Ye et al. [8] reported that NIR spectroscopy
combined with chemometric techniques could achieve
satisfactory prediction accuracy for COD in wastewater
systems. Similarly, UV-Vis and NIR-based approaches have
been successfully applied for rapid monitoring of organic
pollutants in surface water and industrial effluents. Despite
these promising developments, predicting aggregate
parameters such as COD, BOD, and TSS using NIR
spectroscopy remains challenging. Unlike specific chemical
compounds, these parameters represent cumulative properties
of multiple constituents, including dissolved organic matter
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and suspended particles. As a result, their relationship with
spectral features is often indirect and highly nonlinear. This
complexity necessitates the use of advanced data analysis
techniques capable of capturing hidden patterns within
spectral datasets.

Machine learning techniques have been increasingly
adopted to enhance the predictive performance of
spectroscopic models [7, 9]. Algorithms such as Support
Vector Regression (SVR), artificial neural networks (ANN),
and deep learning models have demonstrated strong
capabilities in modeling complex and nonlinear relationships
between spectral inputs and target variables. These approaches
enable more accurate and robust predictions compared to
traditional regression methods [10]. Furthermore, recent
advancements in artificial intelligence have facilitated the
development of real-time and automated water quality
monitoring systems. Al-enabled sensors and integrated
monitoring platforms have shown great potential for
continuous assessment of environmental conditions, allowing
for early detection of pollution events and improved decision-
making in environmental management [11].

Nevertheless, most existing studies have focused on
relatively homogeneous samples or controlled laboratory
environments, which limits the generalizability of the
developed models. In real-world conditions, water bodies are
often influenced by multiple sources of contamination,
resulting in highly heterogeneous sample compositions. For
instance, the interaction between raw POME, river water, and
agricultural runoff can lead to complex variations in organic
matter and suspended solids, significantly affecting COD,
BOD, and TSS levels [12, 13]. In addition, the variability of
environmental samples poses significant challenges for model
robustness and transferability. Models developed using
limited or homogeneous datasets often fail when applied to
new conditions, highlighting the importance of incorporating
diverse sample types during model development. Recent
studies have emphasized that the inclusion of heterogeneous
datasets can significantly improve model performance and

generalizability in environmental monitoring applications [14].

Therefore, there is a critical need to develop robust and
reliable predictive models that can effectively handle
heterogeneous environmental samples. In the context of
POME contamination, such models are essential for accurately
assessing water quality in complex and dynamic ecosystems
[15]. Despite the growing body of research on spectroscopy
and machine learning, studies that specifically address mixed
water samples consisting of raw POME, river water, and
irrigation water remain limited [16, 17]. This study aims to fill
this research gap by developing machine learning-based
models using NIR spectroscopy to predict COD, BOD, and
TSS in mixed water samples contaminated by POME. Unlike
previous studies that focus on homogeneous or controlled
samples, this research incorporates diverse sample sources to
better represent real environmental conditions [18, 19]. The
integration of NIR spectroscopy with advanced machine
learning algorithms is expected to improve prediction
accuracy and model robustness [20, 21]. The outcomes of this
study are anticipated to contribute to the development of rapid,
non-destructive, and cost-effective tools for environmental
monitoring, particularly in palm oil-producing regions. In
addition, the proposed approach may support more efficient
pollution control strategies and sustainable management of
water resources affected by industrial effluents.
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2. MATERIAL AND METHODS
2.1 Sample collection

A total of 45 water samples were collected, consisting of
three categories: raw POME, river, and irrigation water, with
15 samples in each category. The POME samples were
obtained from a palm oil mill located in Nagan Raya Regency,
Aceh, Indonesia, specifically from the effluent treatment pond.
River and irrigation water samples were collected from areas
surrounding the palm oil mill, where contamination from
POME discharge was suspected. The inclusion of multiple
sample types was intended to represent heterogeneous
environmental conditions and improve the robustness of the
developed models. The total number of samples (n = 45) was
considered adequate for machine learning modeling,
particularly in spectroscopic-based environmental analysis,
where relatively small but representative datasets are
commonly used to develop reliable predictive models [6]. In
the context of wastewater and POME monitoring, previous
studies have shown that NIR spectroscopy combined with
chemometric and machine learning approaches can
successfully predict key parameters such as BOD and COD
with good accuracy, even with limited sample sizes, provided
that sufficient variability is captured [22]. POME itself is
known to exhibit high variability in organic load and
composition, making it suitable for data-driven modeling
approaches that leverage spectral fingerprints. The samples
were treated as a continuous concentration gradient rather than
discrete classes, covering the full analytical range from low to
high concentration. Samples from irrigation water are
predicted at low concentration. Meanwhile, the extremely high
concentration is from raw POME.

All samples were collected in clean high-density
polyethylene (HDPE) bottles, transported to the laboratory,
and stored under controlled conditions prior to analysis.
Before measurement, samples were homogenized to ensure
consistency. Specifically, samples were stored at 4 °C in
airtight HDPE bottles and allowed to equilibrate at room
temperature before analysis. Prior to each spectral
measurement, samples were thoroughly mixed using a vortex
mixer at maximum speed for 60 s to ensure homogeneity and
minimize TSS settling. Spectral acquisition was initiated
within 30 s after mixing to minimize particle sedimentation
effects. Each sample was scanned in triplicate and the three
spectra were averaged to form the final spectrum used for
modeling, reducing the influence of random measurement
noise.

2.2 Reference analysis of water quality parameters

The concentrations of COD, BOD, and TSS were
determined using standard laboratory methods. COD was
measured using the dichromate reflux method. BOD was
determined using the five-day incubation method (BODs).
TSS was measured using the gravimetric method. All analyses
were conducted at the Laboratory of Basic Chemistry,
Department of Chemistry, Faculty of Mathematics and Natural
Sciences, Universitas Syiah Kuala, Banda Aceh, Indonesia.
The laboratory analysis results were used as reference values
for model prediction. All procedures refer to the standard
methods outlined in Standard Methods for the Examination of
Water and Wastewater, ensuring the accuracy and reliability
of the measurements. The observed concentration ranges of



the analyzed parameters were as follows: COD: 1-1000 mg/L;
BOD: 0.38-350 mg/L; and TSS: 8.7-709 mg/L. These wide
ranges reflect the variability of contamination levels across
different sample types and provide a robust dataset for model
development.

2.3 Near-infrared spectral acquisition

NIR spectra were collected using a Fourier Transform Near-
Infrared (FT-NIR) spectrometer, namely the Thermo Nicolet
Antaris II FT-NIR Spectrometer [23], equipped with
Integrated Thermo Operation® software. The instrument
operates within a wavelength range of 780-2500 nm. The FT-
NIR instrument was configured at 32 scans, a spectral
resolution of 2.0 cm™, and an optical gain of 4x. Spectra were
acquired in transflectance mode using a liquid sample module.
Background calibration was performed at the beginning of
each measurement session using a certified Spectralon diffuse
reflectance standard, and instrument validation was confirmed
prior to sample analysis. Prior to spectral acquisition, samples
were equilibrated to room temperature to minimize
temperature-induced spectral variations, as temperature
changes can affect molecular vibrations and shift spectral
features [24]. Each sample was scanned multiple times, and
the resulting spectra were averaged to enhance signal stability
and reduce noise. This averaging process helps minimize
unwanted variations and improves the signal-to-noise ratio
[25]. The acquired spectra contain information related to
molecular vibrations and physicochemical characteristics of
the samples, which can be correlated with water quality
parameters through chemometric analysis [7, 26].

2.4 Spectral preprocessing

To enhance the quality of the spectral data and improve
model performance, several preprocessing techniques were
applied. Multiplicative Scatter Correction (MSC) was used to
correct scattering and baseline effects, while Standard Normal
Variate (SNV) was employed to normalize spectral variations
by removing additive and multiplicative noise [22]. Savitzky—
Golay (SG) filtering was applied to smooth spectral signals
and reduce high-frequency noise through local polynomial
fitting, using the following parameters: derivative order (m) =
1 (first derivative), polynomial order (p) = 3, and window
length (w) = 11 data points. These parameters were selected to
effectively remove baseline drift while enhancing spectral
contrast. For MSC, the reference spectrum was computed as
the mean spectrum of the training set. For SNV, normalization
was applied using the mean and standard deviation of each
individual spectrum. Both MSC and SNV were applied over
the full wavelength range (780-2500 nm) without exclusion of
water absorption bands. All preprocessing parameters were
fitted exclusively on the calibration set and subsequently
applied to the wvalidation set without refitting. These
preprocessing techniques are widely used in NIR spectroscopy
to improve signal quality and model robustness [23].
Furthermore, the methods were applied both individually and
in combination to determine the optimal preprocessing
strategy for each predictive model, as different preprocessing
approaches may yield varying levels of prediction accuracy
[27]. The preprocessing methods and the parameters applied
to each are summarized in Table 1.

Table 1. Summary of spectral preprocessing parameters

Preprocessing Method

Parameter

Value/Description

Without Correction (Raw) -
Multiplicative Scatter Correction (MSC)

Reference spectrum
Wavelength range

Normalization basis

Standard Normal Variate (SNV)

Wavelength range

Derivative order (m)

Savitzky—Golay (SG)

Polynomial order (p)

Window length (w)

No preprocessing applied; original spectra used directly
Mean spectrum of training set

780-2500 nm (full range, no exclusion)
Mean and standard deviation of each individual spectrum

780-2500 nm (full range, no exclusion)

1 (first derivative)
3
11 data points

Note: All preprocessing parameters were fitted exclusively on training data (n = 31) and subsequently applied to the test set (n = 14) without
refitting, to prevent data leakage.

2.5 Machine learning model development

Machine learning models were developed to predict COD,
BOD, and TSS from NIR spectral data. These models learn the
relationship between spectral inputs and target variables
through model training and validation processes, enabling the
prediction of sample properties [21]. The algorithms used in
this study included eXtreme Gradient Boosting (XGB), Ridge
Regression, Lasso Regression, and SVR, which are commonly
applied in spectroscopic data analysis. In particular, machine
learning techniques are well-suited for handling nonlinear
relationships between spectral data and water quality
parameters, thereby improving predictive performance. The
dataset was used for both training and evaluation to assess
model generalization ability. Hyperparameter optimization
was performed using 5-fold cross-validation on the training set
through the caret package in R. For SVR, a Radial Basis
Function (RBF) kernel was used with the following search
ranges: cost C € {0.1, 1, 10, 100}, epsilon ¢e {0.01, 0.1, 0.5},
and gamma y € {0.001, 0.01, 0.1}. For XGB, the tuned
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parameters were: max_depth € {3, 5, 7}, learning rate () €
{0.01, 0.1, 0.3}, nrounds € {50, 100, 200}, and subsample €
{0.7, 0.8, 1.0}. For Ridge and Lasso, the regularization
parameter lambda was tuned over the range {0.001, 0.01, 0.1,
1, 10, 100}. The full spectral range (780-2500 nm) was used
as input features without dimensionality reduction. Model
performance was evaluated using root mean square error of
calibration (RMSEC) for the calibration set and root mean
square error of prediction (RMSEP) for the validation set [28].
All models were implemented in the R programming language
using relevant packages for machine learning and data analysis.

2.6 Model validation and evaluation

The dataset was randomly divided into two subsets using a
70:30 ratio, with a fixed random seed (set.seed(123) in R). The
calibration set (70%, n = 31) was used for model development
and training, including hyperparameter optimization through
5-fold cross-validation using the caret package in R. The
validation set (30%, n = 14) was reserved for evaluating the



predictive performance of the developed models using
samples that were not included in model training or
hyperparameter optimization. Throughout this manuscript, the
term "calibration set" refers to the dataset used for model
training and development, whereas "validation set" refers to
the hold-out dataset used to evaluate model predictive
performance. No separate test set or hold-out validation was
used in this study. No stratification by sample type was applied
during the random data split, which represents a limitation of
this study. Future research should include a truly independent
dataset collected from different sampling dates or locations to
further assess model generalizability [29]. Model performance
was evaluated using the following statistical metrics:
coefficient of determination (R?), root mean square error
(RMSE, mg/L), and residual predictive deviation (RPD).
Higher R? values and lower RMSE values indicate better
predictive performance. No transformation was applied to the
response variables; all COD, BOD, and TSS values were used
in their original mg/L scale. All RMSEC and RMSEP values
are reported in mg/L. Preprocessing parameters were fitted on
training data only and applied to the test set without refitting.
The extremely low RMSEC values observed for XGB models
(approaching zero in some cases) reflect severe overfitting to
training data—a known behavior of ensemble tree models on
small datasets—and should be interpreted in conjunction with
the corresponding RMSEP values [30].

3. RESULTS AND DISCUSSION
3.1 Near-infrared spectra features

The resulting spectra illustrate the differences in chemical
characteristics of each sample type, which are related to
variations in the levels of organic matter and dissolved solids
in them. Figure 1 displays the spectral features of NIR scans
of POME, river water, and irrigation water samples. In general,
the POME spectrum shows a higher absorption intensity than
river water and irrigation water, reflecting a greater
concentration of organic compounds and pollutant load.
Conversely, river water and irrigation water show a relatively
lower and smoother absorption pattern, indicating a lighter
level of pollution. These variations in absorption patterns are
an important basis for the process of extracting spectral
features and developing prediction models for COD, BOD,
and TSS levels using machine learning algorithms.

The spectral image shows several main peaks related to the
molecular characteristics of POME, river and irrigation water
samples. It should be noted that in aqueous systems, NIR
spectra are dominated by water overtone and combination
bands (particularly around 1450 nm and 1950 nm), which
makes unambiguous assignment of spectral features to specific
organic compounds difficult without complementary
analytical evidence. The following tentative assignments are
therefore offered with caution. The peaks with ranges of 1091—
1126, 1270-1320, and 1640-1685 nm may suggest the
presence of stretching vibrations and overtones of methyl
groups (CHs) originating from organic compounds such as
lipids, fatty acids, and other hydrocarbon compounds
commonly found in POME wastewater [31]. The absorption
intensity in these regions is higher in POME than in river water
and irrigation water, indicating a higher organic matter
content.
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Diffuse reflectance

Wavelength (nm)

Figure 1. Spectral features of palm oil mill effluent (POME),
river water and irrigation water

Meanwhile, the peak with a range of 1836—1870 nm may be
tentatively related to the combination of O-H and C=0O
vibrations of carboxylic acids (acid groups), which may
suggest the presence of polar compounds, such as organic
acids and free fatty acids. These assignments should be
interpreted cautiously, as spectral changes in aqueous NIR
spectra are frequently influenced by variations in water
structure and light scattering rather than direct absorption by
specific compounds [32, 33]. This band can also be influenced
by the contribution of water molecules, considering that the
area is close to the H20 absorption band. Overall, the presence
of these peaks illustrates the differences in chemical
composition between sample types and is an important
spectral feature that contributes to the development of
prediction models for COD, BOD, and TSS levels based on
NIR and machine learning.

3.2 Calibration model of chemical oxygen demand contents

Table 2 presents the calibration and validation performance
of the developed machine learning models for predicting COD
concentrations from NIR spectral data under different spectral
preprocessing techniques. The models evaluated include
XGB, Ridge regression, Lasso regression, and SVR, each
combined with raw spectra as well as MSC, SNV, and SG
preprocessing. Model performance is assessed using R2
RMSEC, RMSEP, and RPD, providing a comprehensive
comparison of model accuracy and robustness across different
preprocessing strategies.

The performance of machine learning models for predicting
COD concentrations using NIR spectral data is presented in
Table 2. Overall, the results demonstrate that the combination
of appropriate preprocessing techniques and machine learning
algorithms significantly influences model accuracy. Among
all evaluated models, SVR combined with SG preprocessing
exhibited the best performance, achieving a validation R? of
0.94 and the lowest RMSEP of 90.26. Additionally, this model
produced the highest RPD value of 3.41, indicating excellent
predictive capability (see Figure 2). In contrast, SVR models
using raw spectra showed poor generalization performance (R?
= 0.54), highlighting the importance of spectral preprocessing.
This finding confirms that noise reduction and signal
enhancement techniques such as SG filtering play a crucial
role in improving model robustness. These results are
consistent with previous studies reporting that SG
preprocessing enhances spectral signal quality and improves
prediction accuracy in spectroscopic models [34].



Table 2. Calibration and validation statistics for the prediction of chemical oxygen demand (COD)

Calibration

Validation

Model Pre-Processing RMSEC (mg/L) R® _RMSEP (mgl) R RPD
Raw 0.02 1.00 203.50 097 1.28
XGB MSC 4.85 1.00 134.99 0.88 2.50
SNV 10.02 1.00 105.30 0.90 2.47
SG 0.00 1.00 239.99 0.89 1.28
Raw 170.76 0.73 144.73 0.76  1.80
Ridge MSC 206.28 0.57 203.83 0.58 1.66
SNV 207.54 0.60 126.54 0.73 2.05
SG 112.29 0.88 103.19 093 299
Raw 165.65 0.74 144.52 0.76  1.80
Lasso MSC 152.22 0.77 160.11 0.75 2.11
SNV 125.03 0.86 148.70 0.88 1.75
SG 140.37 0.84 94.82 091 325
Raw 99.17 0.91 202.74 0.54 1.28
SVR MSC 106.65 0.91 222.18 097 1.52
SNV 64.00 0.96 206.54 096 1.26
SG 29.63 1.00 90.26 094 341

Note: eXtreme Gradient Boosting (XGB); Support Vector Regression (SVR); root mean square error of calibration (RMSEC); coefficient of determination
(R?); root mean square error of prediction (RMSEP); residual predictive deviation (RPD); Multiplicative Scatter Correction (MSC); Standard Normal Variate
(SNV); Savitzky—Golay (SG). Bold values indicate the best-performing model based on validation performance.

1200
:_J“ RMSEC = 29.63
ED 1000 R? Cal = 1.00

RMSEP =90.26

— 800
= R2? Val = 0.94
E 600 RPD =3.41
g 400
E 200
=
2 0
§ 200 0 200 400 600 800 1000 1200
g COD content predicted (mg/L)
o

Calibration Validation

Linear (Calibration) Linear (Validation)

Figure 2. Calibration and validation scatter plot of measured

versus predicted COD content (mg/L) by SVR-SG model
Note: Chemical oxygen demand (COD); Support Vector Regression (SVR);
Savitzky—Golay (SG).

The distribution of COD values (1-1000 mg/L) in this
dataset reflects the substantial difference in organic load
between raw POME and environmental water samples. This
distributional characteristic has important implications for
model performance, as the relatively few high-COD POME
samples may exert disproportionate influence on the
calibration, potentially leading to higher prediction errors at
the extremes of the concentration range. The dominance of
low-COD samples in the dataset may also bias the model
toward better performance in the lower concentration range,
which should be considered when interpreting the overall
RMSEP values.

A comparison of different machine learning algorithms
reveals distinct performance patterns. The XGB model
achieved perfect calibration performance (R? = 1.00) across all
preprocessing methods; however, its validation performance
varied significantly. For instance, XGB with MSC
preprocessing achieved R? = 0.88 and RMSEP = 134.99,
indicating moderate predictive performance. This discrepancy
between calibration and validation results suggests potential
overfitting, a common issue in powerful ensemble models
such as XGB when applied to relatively small datasets [35].
Similarly, RF-type ensemble behavior (observed in XGB
trends) has been reported to produce high training accuracy but
may require careful tuning to generalize well. Linear models
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such as Ridge and Lasso regression showed relatively lower
performance compared to nonlinear models. Although Ridge-
SG achieved R? = 0.93, its performance was generally less
stable across preprocessing methods. This is expected because
linear models have limited capability in capturing complex
nonlinear relationships between NIR spectra and water quality
parameters. Previous studies have also reported that linear
regression approaches often underperform compared to
nonlinear machine learning models in spectroscopic
applications [6].

Spectral preprocessing has a fundamental role in enhancing
the performance of predictive models derived from NIR data.
Among various preprocessing techniques, SG filtering is
widely reported to provide superior performance, particularly
when combined with regression-based models such as SVR
and Ridge. This advantage is mainly due to its capability to
smooth spectral signals by reducing high-frequency noise
while preserving important spectral features associated with
chemical constituents. Consequently, SG filtering enables
better extraction of relevant information from NIR spectra,
leading to improved prediction accuracy for water quality
parameters such as COD and TSS [36]. Furthermore, SG
filtering operates as a polynomial-based smoothing method
that minimizes noise without significantly distorting the
original signal structure, thereby maintaining meaningful
absorption characteristics. This is particularly important in
spectroscopic analysis, where subtle variations in spectral
features are directly linked to chemical composition [37]. In
contrast, raw spectral data are typically affected by various
sources of interference, including noise, baseline drift, and
scattering effects, which can obscure relevant chemical
information and negatively impact model performance.
Preprocessing techniques such as SG filtering help mitigate
these issues by removing unwanted variations and enhancing
signal quality, ultimately leading to more robust and reliable
predictive models [38]. Although MSC and SNV
preprocessing also contributed to performance improvement
by correcting scatter-related variations, their effectiveness was
relatively limited compared to SG filtering in this study [39].
This suggests that, for heterogeneous water samples such as
POME and environmental water matrices, noise reduction
plays a more dominant role than scatter correction in
improving model accuracy. These findings highlight the



importance of selecting preprocessing strategies that are
aligned with both the characteristics of the dataset and the
nature of the target parameters, particularly when dealing with
complex environmental samples [34].

An important consideration in interpreting the model
performance is the potential influence of sample type
differences on prediction accuracy. The dataset comprises
three distinct sample types—raw POME, river water, and
irrigation water—which differ substantially in their
physicochemical characteristics and concentration ranges.
Consequently, there is a risk that the models may partially
learn to discriminate between sample classes rather than
capturing the true quantitative relationship between spectral
features and COD concentration. This phenomenon, known as
class-based confounding, can artificially inflate validation
performance metrics when the test set contains samples from
all three classes. Nevertheless, the wide COD range covered
by the dataset (1-1000 mg/L) and the heterogeneous nature of
the samples suggest that the model has been exposed to
sufficient spectral variability to learn genuine concentration-
related patterns rather than class membership alone.

The use of hold-out validation provided a more realistic
assessment of model performance by evaluating the models on
the hold-out validation set, thereby reducing the risk of
overfitting [40]. The satisfactory validation results indicate
that the developed models are capable of maintaining
predictive reliability despite the relatively limited dataset size
(n = 45), which is a common constraint in environmental
monitoring studies. A key strength of this study lies in the
inclusion of heterogeneous water samples, such as raw POME,
river water, and irrigation water, covering a wide range of
contamination levels [3]. This diversity enhances the
representativeness of the dataset while also introducing
additional complexity due to variations in spectral
characteristics across sample types. Despite this challenge, the
strong performance of the SVR-SG model demonstrates that
machine learning approaches can effectively capture complex
and nonlinear relationships within heterogeneous datasets.
This highlights the importance of incorporating diverse
sample conditions during model development to improve
generalizability and ensure practical applicability in real-
world environmental monitoring scenarios.

The results of this study demonstrate that the integration of

NIR spectroscopy with machine learning provides a rapid and
non-destructive approach for COD prediction in POME-
contaminated water. The strong predictive performance
indicates that the models are capable of capturing spectral
features associated with organic compounds contributing to
oxygen demand, which are primarily reflected through
overtone and combination bands of C—H and O—H bonds in the
NIR region [6]. Compared to conventional laboratory
methods, which are time-consuming and require chemical
reagents, the proposed approach offers significant advantages
in terms of analysis speed, cost-efficiency, and environmental
sustainability. These benefits are particularly relevant for
applications requiring frequent or continuous monitoring.
Therefore, the developed method shows strong potential for
real-time and in-situ monitoring of organic pollution in POME
systems. This capability can support more efficient
environmental management and early detection of
contamination events in complex water systems [8].

3.3 Calibration model of biochemical oxygen demand
contents

Table 3 summarizes the calibration and validation results of
machine learning models used to predict BOD concentrations
from NIR spectral data, incorporating different preprocessing
approaches. The models assessed comprise XGB, Ridge
regression, Lasso regression, and SVR, applied to both raw
spectra and preprocessed data using MSC, SNV, and SG
preprocessing methods. Model performance is assessed using
the R2, RMSEC, RMSEP, and RPD, allowing for a
comprehensive evaluation of predictive accuracy and model
robustness across different preprocessing strategies.

The performance of the developed machine learning models
for predicting BOD concentrations is presented in Table 3.
Overall, the results indicate that both the choice of algorithm
and spectral preprocessing method significantly influence
model accuracy and generalization capability. Among all
evaluated models, XGB combined with MSC preprocessing
exhibited the best predictive performance, achieving a
validation R2? 0f 0.97, RMSEP 0f 30.70, and RPD of 3.29. This
result indicates excellent predictive ability, as RPD values
greater than 3 are generally considered indicative of robust and
reliable models for quantitative prediction (see Figure 3).

Table 3. Calibration and validation statistics for the prediction of biochemical oxygen demand (BOD)

. Calibration Validation
Model Pre-Processing RMSEC (mg/l) R® RMSEP (mgl) R’ RPD
Raw 0.08 1.00 151.59 0.02 0.81
XGB MSC 3.77 1.00 30.70 097 3.29
SNV 591 1.00 82.02 0.77 1.86
SG 0.80 1.00 50.74 094 2.80
Raw 47.71 0.76 97.63 028 1.26
Ridge MSC 67.12 0.58 60.10 0.60 1.68
SNV 56.75 0.61 121.36 0.63 1.25
SG 32.46 0.89 83.43 0.87 1.70
Raw 45.79 0.78 92.44 035 1.33
Lasso MSC 50.74 0.75 76.67 035 132
SNV 40.05 0.80 86.62 0.75 1.76
SG 47.46 0.80 90.15 091 1.58
Raw 35.61 0.87 122.59 0.14  1.00
SVR MSC 37.12 0.87 88.21 092 1.15
SNV 17.72 0.97 110.92 0.48 1.37
SG 37.27 0.91 97.14 0.88 1.46

Note: eXtreme Gradient Boosting (XGB); Support Vector Regression (SVR); root mean square error of calibration (RMSEC); coefficient of determination
(R?); root mean square error of prediction (RMSEP); residual predictive deviation (RPD); Multiplicative Scatter Correction (MSC); Standard Normal Variate
(SNV); Savitzky—Golay (SG). Bold values indicate the best-performing model based on validation performance.
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Figure 3. Calibration and validation scatter plot of measured

versus predicted BOD content (mg/L) by XGB-MSC model
Note: Biochemical oxygen demand (BOD); eXtreme Gradient Boosting
(XGB); Multiplicative Scatter Correction (MSC).

In contrast, XGB models using raw spectra showed
extremely poor validation performance (R* = 0.02), despite
achieving perfect calibration accuracy (R? 1.00). This
discrepancy strongly suggests overfitting, where the model
captures noise rather than meaningful patterns in the data.
Such behavior is commonly observed in powerful ensemble
learning algorithms when preprocessing is insufficient or
when the dataset is relatively small [35]. The validation R? of
XGB-Raw for BOD prediction (R? = 0.02) can be explained
by the sensitivity of the XGB algorithm to unprocessed
spectral data. Without preprocessing, raw NIR spectra contain
substantial baseline drift, multiplicative scattering effects, and
inter-sample path length variations that are unrelated to BOD
concentration. XGB's decision tree architecture interprets
these noise-driven spectral differences as arbitrary splits
during training, leading the boosting mechanism to amplify
irrelevant patterns. The resulting model memorizes noise-
specific features of the training set and fails to generalize to
the test set. MSC effectively normalizes these baseline and
scattering effects, allowing XGB to focus on genuine BOD-
correlated spectral patterns, which explains the dramatic
improvement from R? = 0.02 (Raw) to R? = 0.97 (MSC).

The highly skewed distribution of BOD values (0.38-350
mg/L), with the majority of samples clustered at low
concentrations and a small number of high-BOD POME
samples at the upper tail, introduces additional modeling
complexity. High-BOD samples contribute disproportionately
to the overall RMSEP, and their limited representation in the

dataset may reduce model reliability at extreme concentrations.

This distributional imbalance reinforces the importance of
collecting additional samples across the full BOD range in
future studies to improve calibration robustness.

A comparison across models shows that nonlinear models
outperform linear models in predicting BOD from NIR spectra
[41, 42]. While Ridge and Lasso regression achieved moderate
performance, their validation R? values remained relatively
low and inconsistent across preprocessing methods. For
example, Ridge regression achieved its best performance with
SG preprocessing (R? = 0.87), while Lasso achieved R2=0.91
with SG. However, both models exhibited unstable
performance across different preprocessing methods,
indicating limited robustness. On the other hand, nonlinear
models such as XGB and SVR demonstrated better
adaptability to complex spectral patterns. This finding is
consistent with previous studies, which reported that nonlinear
machine learning algorithms are more effective in modeling
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the complex relationships between spectral data and water
quality parameters [6].

Spectral preprocessing played a critical role in determining
model performance, with MSC providing the most substantial
improvement, particularly for the XGB model. This behavior
can be attributed to the ability of MSC to effectively correct
multiplicative and additive scattering effects caused by
variations in particle size, turbidity, and optical path length,
which are prominent in heterogeneous water samples
containing suspended solids [34]. By normalizing these
variations, MSC enhances the consistency of spectral signals,
allowing the XGB algorithm to more effectively capture
meaningful patterns related to BOD. The superior
performance of XGB combined with MSC also reflects the
sensitivity of ensemble-based models to input data quality.
XGB relies on iterative error minimization through boosting,
which can amplify noise and irrelevant variations if the input
spectra are not properly corrected. Therefore, the application
of MSC helps stabilize the input features, leading to improved
model generalization and predictive accuracy. Although SG
filtering also improved model performance, particularly for
Lasso and SVR models, its impact was slightly less
pronounced for XGB in this case. This suggests that, for BOD
prediction in heterogeneous water systems, correcting
scattering effects is more critical than smoothing high-
frequency noise. These findings highlight that the
effectiveness of preprocessing techniques is strongly
dependent on both the nature of the target parameter and the
characteristics of the machine learning algorithm. Similar
observations have been reported in previous studies
emphasizing the importance of selecting preprocessing
strategies tailored to both data properties and modeling
approaches [35].

The application of hold-out validation ensures that the
reported model performance is reliable and not dependent on
a specific data split. The high validation performance of the
XGB-MSC model (R? = 0.97) indicates strong generalization
capability, even with a relatively small dataset. However, the
large variation in performance across preprocessing methods,
particularly for XGB, highlights the sensitivity of machine
learning models to input data quality. This reinforces the
importance of proper preprocessing and model validation in
spectroscopic applications.

The relatively wide range of BOD values (0.38-350 mg/L)
reflects substantial variability in organic contamination levels
across different sample types, including raw POME, river
water, and irrigation water. Such variability increases the
complexity of the modeling task due to the nonlinear and
heterogeneous nature of the underlying chemical and physical
processes. However, it also enhances the practical relevance
of the developed models by better representing real
environmental conditions. The strong performance of the
XGB-MSC model suggests that ensemble-based machine
learning approaches are capable of effectively capturing
complex patterns within heterogeneous datasets [3, 35]. The
boosting mechanism in XGB enables the model to iteratively
learn from residual errors generated in previous stages, thereby
progressively improving predictive performance and adapting
to complex data distributions. This sequential learning strategy
allows XGB to effectively model nonlinear relationships and
interactions among variables, which is particularly beneficial
for predicting BOD, a parameter influenced by both
biochemical and physicochemical processes [41]. Moreover,
the ability of XGB to handle heterogeneous datasets makes it



well-suited for environmental applications, where data often
originate from diverse sources and exhibit high variability.
Studies have shown that incorporating a wide range of
environmental conditions during model training enhances the
robustness and generalization capability of machine learning
models. For instance, ensemble models such as XGB
demonstrate strong performance across varying water quality
parameters, indicating their capacity to capture complex
environmental patterns [43]. Overall, these findings support
the notion that both the boosting mechanism of XGB and the
use of diverse training datasets are key factors contributing to
improved model generalization and predictive accuracy in
environmental monitoring applications [44].

Similar to COD prediction, the possibility of class-based
confounding should be considered when interpreting BOD
prediction results. The three sample types in this study exhibit
markedly different BOD ranges—POME samples typically
show much higher BOD values compared to river and
irrigation water—which means the model may have learned
class-specific spectral signatures in addition to genuine BOD-
related features. The strong performance of XGB-MSC (R? =
0.97) may therefore partly reflect the model's ability to
distinguish POME from environmental water samples based
on overall spectral intensity differences, rather than purely
from BOD-correlated absorption features. Future studies
should include a leave-one-type-out validation to rigorously
evaluate the model's ability to predict BOD across previously
the hold-out validation set sample types.

The results demonstrate that the integration of NIR
spectroscopy with machine learning, particularly XGB
combined with MSC preprocessing, provides a reliable and
efficient approach for predicting BOD in POME-contaminated
water. The high predictive performance achieved by the model
indicates its capability to capture complex relationships
between spectral features and biodegradable organic content
[6, 35]. Compared to conventional BOD analysis, which
requires a standard incubation period of five days, the
proposed method offers a significantly faster alternative while
maintaining a high level of accuracy. This substantial
reduction in analysis time highlights the potential of the
approach for near real-time monitoring applications. Such
capability is particularly valuable in palm oil-producing
regions, where continuous monitoring of effluent discharge is
essential to prevent environmental degradation. Therefore, the
proposed method can support more efficient decision-making
and pollution management strategies. These findings are
consistent with previous studies highlighting the advantages of
spectroscopy-based techniques for rapid water quality
assessment [7].

3.4 Calibration model of total suspended solids content

The predictive capability of the developed models was
evaluated using NIR spectral data under different
preprocessing strategies. Table 4 reports the calibration and
validation performance of the machine learning models for
estimating TSS concentrations. Overall, the results indicate
that model performance is strongly influenced by the choice of
preprocessing technique, with certain methods yielding
improved accuracy and robustness in both calibration and
validation stages. The evaluated models include XGB, Ridge
regression, Lasso regression, and SVR, combined with raw
spectra as well as MSC, SNV, and SG preprocessing methods.
Model performance is assessed using R?, RMSEC, RMSEP,
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and RPD, providing a comprehensive comparison of model
accuracy and robustness across different preprocessing
strategies.

The performance of machine learning models for predicting
TSS concentrations based on NIR spectral data is presented in
Table 4. The results show that model performance varies
considerably depending on both the selected algorithm and the
applied spectral preprocessing method. Among all evaluated
models, SVR combined with SG preprocessing achieved the
best overall performance, with a validation R? of 0.85, RMSEP
of 52.10, and RPD of 2.39. This indicates a good predictive
capability, as RPD values between 2.0 and 3.0 are generally
considered suitable for quantitative prediction in
environmental applications (see Figure 4). In contrast, SVR
models using MSC preprocessing showed very poor
performance (R? = 0.03), highlighting the strong dependency
of model performance on preprocessing strategy. This result
emphasizes the importance of selecting appropriate
preprocessing techniques to extract meaningful information
from spectral data. The poor performance of SVR-MSC for
TSS prediction (R? 0.03) can be attributed to the
fundamental mismatch between the MSC correction
mechanism and the physical nature of TSS. TSS is primarily
governed by light scattering from suspended particles,
meaning that scattering-related spectral variations carry direct
analytical information about suspended solid concentration.
MSC was designed to remove multiplicative scattering effects
by normalizing spectra against a reference. However, this
normalization inadvertently removes the scattering
information that correlates with TSS. This effectively destroys
the signal of interest, leaving the SVR model with insufficient
spectral information to build a meaningful calibration. In
contrast, SG first-derivative transformation preserves
scattering-related spectral differences while removing
baseline offsets, which explains the superior performance of
SVR-SG for TSS prediction.

The TSS distribution (8.7-709 mg/L) is similarly right-
skewed, driven by the high suspended solid content of raw
POME samples. The uneven distribution of samples across the
concentration range may affect model generalizability,
particularly at high TSS values where the relationship between
light scattering and spectral response becomes increasingly
nonlinear. Future studies should aim for a more balanced
representation of samples across the full TSS range to improve
model robustness.

A comparison across different algorithms reveals that
nonlinear models again outperform linear models, although
the performance gap is less pronounced than in COD and BOD
prediction. The XGB model showed strong calibration
performance (R*> = 1.00), but its validation results were
inconsistent. For example, XGB-SG achieved R? = 0.86, while
XGB-MSC dropped significantly to R? = 0.21. This pattern
suggests that XGB is highly sensitive to preprocessing and
may suffer from overfitting when the input data are not
optimally conditioned. Linear models such as Ridge and Lasso
regression exhibited relatively lower and more stable
performance, with validation R? values generally ranging
between 0.39 and 0.81. However, their inability to capture
nonlinear relationships limits their predictive accuracy
compared to nonlinear approaches. These findings are
consistent with previous studies indicating that nonlinear
machine learning models are better suited for handling
complex spectral data and heterogeneous environmental
samples [6].



Table 4. Calibration and validation statistics for the prediction of total suspended solids (TSS)

. Calibration Validation
Model Pre-Processing RMSEC (ng/L) R® _RMSEP (mgl) R RPD
Raw 10.20 1.00 91.57 0.82 2.29
XGB MSC 3.71 1.00 156.59 0.21 1.08
SNV 25.42 0.99 185.92 0.38 0.28
SG 10.76 1.00 182.68 0.86 0.68
Raw 125.69 0.51 102.77 0.80 2.04
Ridge MSC 143.73 0.42 124.82 0.39 1.35
SNV 141.14 0.49 130.45 0.53 0.40
SG 92.49 0.79 92.17 0.70 1.35
Raw 129.90 0.49 115.19 0.81 1.82
Lasso MSC 150.79 0.37 129.03 041 1.31
SNV 100.58 0.75 198.35 0.50 0.27
SG 130.54 0.66 77.62 0.71 1.60
Raw 132.07 0.49 114.02 0.83 1.84
SVR MSC 140.58 0.54 176.20 0.03 0.96
SNV 152.95 0.59 42.61 0.60 1.23
SG 121.90 0.68 52.10 0.85 2.39

Note: eXtreme Gradient Boosting (XGB); Support Vector Regression (SVR); root mean square error of calibration (RMSEC); coefficient of determination
(R?); root mean square error of prediction (RMSEP); residual predictive deviation (RPD); Multiplicative Scatter Correction (MSC); Standard Normal Variate
(SNV); Savitzky—Golay (SG). Bold values indicate the best-performing model based on validation performance.
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Figure 4. Calibration and validation scatter plot of measured

versus predicted TSS content (mg/L) by the SVR-SG model
Note: Total suspended solids (TSS); Support Vector Regression (SVR);
Savitzky—Golay (SG).

Spectral preprocessing plays a crucial role in improving
model performance for TSS prediction, which is
predominantly governed by physical rather than chemical
characteristics of the samples. Among the evaluated
preprocessing techniques, SG filtering consistently enhanced
model performance, particularly for SVR and XGB models.
This improvement can be attributed to the ability of SG
filtering to effectively reduce high-frequency noise while
preserving important spectral features related to light
scattering caused by suspended particles. Such preservation is
essential because these scattering-induced variations carry
significant information about the physical properties of the
sample [21]. In contrast, MSC and SNV preprocessing showed
inconsistent effects across models. In some cases, such as
SVR-MSC, preprocessing resulted in a significant decline in
performance, suggesting that excessive correction of
scattering effects may inadvertently remove relevant
information linked to suspended solids. This highlights the
importance of selecting preprocessing techniques that are
aligned with the underlying nature of the target parameter. For
TSS prediction, where scattering effects carry meaningful
information, noise smoothing appears to be more beneficial
than aggressive scatter correction. These findings are
consistent with previous studies emphasizing the critical role
of appropriate preprocessing strategies in spectroscopic
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modeling [34].

The use of hold-out validation provides a more reliable
assessment of model robustness than calibration statistics
alone, because performance is evaluated on samples excluded
from model fitting. The satisfactory validation performance
achieved by the SVR-SG model indicates its ability to
generalize beyond the calibration dataset, despite the relatively
limited sample size. This suggests that the model is capable of
capturing the underlying relationships between spectral
features and target variables rather than merely fitting noise
[44, 45]. However, the variability in model performance
observed across different preprocessing techniques highlights
the sensitivity of spectroscopic machine learning models to
data quality and feature conditioning. Spectral preprocessing
plays a critical role in shaping the input feature space, and
inappropriate preprocessing can either suppress relevant
information or retain unwanted noise and artifacts, ultimately
affecting model accuracy and stability. This sensitivity reflects
the strong dependence of model performance on how well the
preprocessing  techniques preserve relevant spectral
information while minimizing noise and distortions.
Therefore, careful selection and optimization of preprocessing
strategies are essential to ensure robust and reliable predictions
in spectroscopic applications, particularly when dealing with
heterogeneous environmental datasets [6, 34].

The potential for class-based confounding is particularly
relevant for TSS prediction, given that TSS is predominantly
governed by physical scattering characteristics rather than
specific chemical absorption features. POME samples
typically contain significantly higher suspended solid loads
compared to river and irrigation water, creating distinct
spectral signatures associated with turbidity and particle
scattering. While the SVR-SG model achieved satisfactory
validation performance, it cannot be excluded that part of this
performance reflects discrimination between high-turbidity
POME and lower-turbidity environmental water samples. A
per-class RMSEP analysis and leave-one-type-out validation
would provide more definitive evidence of the model's ability
to generalize across different water matrices, and is
recommended as a priority for future work.

The TSS concentration range (8.7-709 mg/L) reflects
substantial variability in suspended solids across different



sample types, including raw POME, river water, and irrigation
water. This variability introduces significant modeling
challenges due to differences in particle size distribution,
turbidity, and optical properties, all of which influence light
scattering behavior in the NIR region. Despite these
complexities, the relatively strong performance of the SVR-
SG model suggests that machine learning approaches are
capable of capturing the indirect and nonlinear relationships
between scattering-related spectral features and TSS levels.
The ability of SVR to model complex feature spaces,
combined with the noise-reducing capability of SG filtering,
likely contributed to this performance. The inclusion of
heterogeneous samples further enhances the robustness of the
developed models by exposing them to a broader range of
environmental conditions during training. This improves their
generalizability and practical applicability in real-world
monitoring scenarios. These findings support previous studies
emphasizing that incorporating diverse datasets is essential for
developing reliable spectroscopic models in environmental
applications.

The results confirm that the integration of NIR spectroscopy
with machine learning provides a feasible and efficient
approach for the rapid prediction of TSS in POME-
contaminated water systems. The ability of the model to
capture scattering-related spectral features associated with
suspended particles highlights its effectiveness in estimating
TSS, which is primarily governed by physical properties rather
than chemical composition. Compared to conventional
gravimetric methods, which are labor-intensive and require
extensive laboratory procedures, the proposed approach offers
a significantly faster and more efficient alternative while
maintaining satisfactory predictive performance. This
advantage is particularly important for applications requiring
near real-time monitoring, where timely information is critical
for environmental management and pollution control.
Therefore, the developed method has strong potential to
support continuous monitoring systems in complex
environmental settings. These findings are consistent with
previous studies highlighting the benefits of spectroscopic
techniques for rapid water quality assessment [7].

4. CONCLUSIONS

This study successfully developed machine learning-based
models combined with NIR spectroscopy for the prediction of
COD, BOD, and TSS in mixed water samples contaminated
by POME. The results demonstrate that model performance is
strongly influenced by both the choice of algorithm and
spectral preprocessing techniques. Among the evaluated
models, SVR combined with SG preprocessing showed the
best performance for COD and TSS prediction, while XGB
combined with MSC yielded the most accurate results for
BOD prediction. The obtained validation results, with high R?
and acceptable error values, indicate that the developed
models are capable of reliably predicting water quality
parameters across a wide range of concentrations. The use of
heterogeneous samples, including raw POME, river water, and
irrigation water, enhances the robustness and real-world
applicability of the models. This approach allows the models
to better represent environmental variability, which is often
overlooked in studies using homogeneous datasets. Overall,
the integration of NIR spectroscopy with machine learning
provides a rapid, non-destructive, and cost-effective
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alternative to conventional laboratory methods for water
quality assessment. This method has strong potential for real-
time monitoring and environmental management in palm oil-
producing regions. For long-term practical applications, the
NIR-based models require periodic recalibration, retraining,
and spectral drift monitoring to maintain robust prediction
accuracy and reliability under changing environmental and
operational conditions. A limitation of this study is the
potential for heteroscedastic prediction errors across wide
COD, BOD, and TSS concentration ranges, highlighting the
need for future residual analysis, bias correction, and more
rigorous validation to improve model generalizability across
different water matrices. Future research should focus on
increasing sample size, exploring advanced deep learning
approaches, and validating the models under field conditions.
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