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Analysis of milk composition is essential for quality assurance and compliance
with regulations related to quality standards, yet current tools lack of rapid
analysis capability especially for field application. This study investigated the
potential use of portable near-infrared spectroscopy (NIRS) combined with
chemometrics and machine learning to predict fat, protein and lactose content of
fresh cow milk. Spectral data were collected from fresh cow milk samples using
a portable device working in the short-wave NIR (740-1070 nm). Samples were
obtained from five farms at two locations in the Bogor area during morning and
evening milking times. As a reference to develop the predictive model, the fat,
protein, and lactose contents were measured using Milkotester Master Eco,
which is a standard widely accepted by farmers and the milk industry. Two
predictive methods were applied: Partial Least Squares Regression (PLS-R) and
machine learning algorithms (i.e. Artificial Neural Network (ANN) and
Random Forest (RF)) with various data pre-treatments. The best PLS-R models
achieved determination coefficient of prediction (R?p) values of 0.828 (fat), 0.397
(protein), and 0.384 (lactose). Machine learning models further improved R?p to
0.901, 0.562, and 0.444, respectively. These findings demonstrate that portable
NIRS combined with machine learning enables fast and reliable milk
composition analysis, particularly for fat content. However, the prediction
performance for protein and lactose is still limited and needs to be further
improved.

1. Introduction

Doi: https://doi.org/10.19028/jtep.014.1.144-161

Based on data from the Central Bureau of Statistics or Badan Pusat Statistik (BPS), national milk
consumption in Indonesia reached 16.27 kg per capita in 2020 (BPS, 2021). From 2017 to 2021, the
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average annual milk consumption increased by approximately 4,413,009 tons (Ginting et al., 2023).
This trend suggests a continued rise in national milk consumption in the coming years. The growing
demand for milk necessitates that producers adopt advanced technology-based equipment. It is
essential for producers to evaluate the chemical composition of milk prior to distribution to ensure
compliance with the Indonesian national quality standards or Standar Nasional Indonesia (SNI)
outlined in SNI 3141.1:2011, which addresses physical, chemical, and microbiological properties
(BSNI, 2011).

Traditionally, milk composition analysis has relied on laboratory-based chemical methods, which
are often time-consuming and pose environmental risks because of the chemicals involved.
Furthermore, traditional methods render samples unusable after the analysis. The use of the
Milkotester instrument, which is widely used as a rapid analytical tool for assessing milk composition.
However, its bulkiness and reliance on main power as a corded/plug-in device limit its suitability for
real-time field applications (Diaz-Olivares et al., 2023).

An alternative method for milk analysis is near-infrared spectroscopy (NIRS), which has been
widely applied to analyze the composition of various agricultural products. NIRS operates on the
principle of interaction between electromagnetic waves emitted by a spectrometer and the chemical
bonds present in organic materials (Kusumiyati et al., 2020). Recent advancements in electronics and
manufacturing have facilitated the development of portable NIRS devices that are user-friendly and
suitable for field application. Previous studies have evaluated the use of portable NIRS for tasks such
as organic milk authentication (Liu et al., 2018) and the prediction of milk quality traits (Guerra et al.,
2024).

The evolution of analytical instruments has paralleled advancements in data analysis techniques,
particularly with the increasing adoption of machine learning (ML). Machine learning excels at
rapidly processing large and complex datasets, often yielding superior results in various tasks, such
as classification and prediction. It can also identify patterns that may elude human observers
(Situmorang & Yahfizham, 2023). Machine learning has been applied to predict agricultural product
quality (Kaya et al., 2020; Sagita et al., 2024; Widyaningrum et al., 2024), food processing (Menichetti
et al., 2023), and forecasting food crop yields (Satria et al., 2023). In the dairy sector, Fourier Transform
Infrared (FTIR) spectral data combined with machine learning algorithm has been utilized to detect
whey cheese contamination in milk (Lima et al., 2022), and NIR spectroscopy has been combined with
machine learning techniques to predict blood metabolic profiles in dairy cattle (Giannuzzi et al., 2022).

Given the promising potential of portable devices alongside machine learning capabilities, this
study aims to integrate both technologies to develop a predictive system for fresh cow's milk

composition. The anticipated outcome is a rapid analysis system that can be employed in field settings
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for quality assurance. The results of this study are expected to be beneficial to various stakeholders,

including farmers, dairy processing companies, and consumers.

2. Material and Methods

2.1 Fresh Milk Sample

Fresh milk was obtained from two farms with five locations in the Bogor area. Milk samples were
collected at two milking times (morning and evening). Samples of 200 mL were randomly collected
from 80 Holstein Frisian cows. The milk samples were placed in plastic bags and stored in a cool box
during transportation. The samples were then stored in a freezer (+ -18 °C) until data collection. Prior

to measurement, samples in plastic bags were thawed at room temperature until they reached + 25 °C.

2.2 Acquisition of Spectra with Portable NIR Device

The reflectance spectrum was obtained for fresh milk. Milk samples (10 mL) were placed in a
beaker. The reflectance of the samples was measured using a SCiO portable NIR spectrometer
(Consumer Physics, Inc.,, USA) equipped with a special sample holder for liquids (Figure 1).
Measurements were carried out at room temperature (+ 25 °C), and there were no special
environmental conditions during the measurements. Milk spectrum measurements were performed
three times for each sample at wavelength of 740-1070 nm. In total, 240 spectral datasets were obtained
from 80 samples.

Figure 1. Acquisition of spectra data of milk sample using SCiO NIR device.

2.3 Measurement of Reference Data of Fresh Milk Content

As a reference, the content of fresh milk consists of fat, protein, and lactose. This content was
measured using a standard instrument, namely the Milkotester milk analyzer Master Eco (Milkotester
Ltd, Bulgaria). This instrument has been widely used and accepted, including for academic research
purposes, as conducted by Rakib et al. (2023) and Mukhnizan et al. (2024). This instrument has the
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following specifications: fat (range: 0 — 25%, accuracy: + 0.1%), protein ((range: 2 — 7%, accuracy: +
0.15%), and lactose (range: 0.01 — 6%, accuracy: + 0.2%) (Milkotester, 2019). Prior to the measurement,
the milk sample (20 mL) was homogenized and poured into a container. The detector was then dipped
into the sample and allowed to stand for approximately 60 s. The measurement results will appear on

the connected computer screen.

2.4 Data Analysis

Milk content prediction modeling was carried out using two approaches: 1) Partial Least Squares-
Regression (PLS-R) with a spectra data including original and pre-treated data, 2) Machine learning
algorithms, namely Random Forest (RF) and Artificial Neural Network (ANN) on three types of data
(original spectra, latent variable (LV) of the best PLS-R model, and Principal Component (PC) obtained
from Principal Component Analysis of the original data spectra). The selection of these methods (i.e.,
PLS-R, ANN, and RF) was based on their respective characteristics and literature studies that show
that these methods are effective for similar cases. PLS-R is the standard method for processing spectral
data and is the most widely used method. ANN, a machine learning algorithm, can capture nonlinear
relationships in data. RF represents an ensemble learning method that, in many cases, shows excellent
performance in predicting chemical content based on spectral data (Ferragina et al. (2015); Soyeurt et
al.,, 2020; Peng et al., 2025).

PLS-R analysis was performed using Unscrambler® X 10.4 software (CAMO, Norway), whereas
modeling using RF and ANN was performed using the scikit-learn package in the Python
programming language. For machine learning-based modelling, hyperparameter tuning was
performed using cross-validation (10-fold) to optimize the model. The hyperparameters used for the
RF and ANN models are listed in Table 1. The data were divided into two groups: 56 samples (70%)
for training and 24 samples (30%) for validation. Several data pre-treatments were used, including
normalization, Savitzky-Golay smoothing, Derivatives-1 and Derivatives-2, Standard Normal Variate
(SNV), detrending, and Multiplicative Scatter Correction (MSC). The performance of the developed
predictive model was evaluated using several statistical parameters, including the Root Mean Squared
Error (RMSE), coefficient of determination (R?), and ratio of prediction to deviation (RPD), as

presented in Equation 1-3.
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where, N is the number of samples, y. is the actual value, yy is the predicted value, SD is the standard
deviation, ¥, is mean value. The subscripts ¢ and p in R?%, R?%, RMSE., and RMSE, denote the values of
the statistical parameters from the calibration and prediction stages, respectively.

Table 1. Hyperparameters used for model development using machine learning algorithms

Algorithm Hyperparameter Range value
N estimators (NE) 25, 50, 75, 100, 125, 150
Maximum depth (MD) None, 10, 20, 30
Hidden layer sizes (HSL)  (14), (28), (56), (100), (14,7), (28,7), (56,7),
(100,100), (14,14,14), (28,28,28), (56,56,56)
Maximum iteration (MI) 5000

Random Forest (RF)

Artificial Neural — - - -
Activation function (AF) identity, tanh, relu
Network (ANN)
Solver Ibfgs, sgd
Alpha (a) 0.0001, 0.001, 0.01
Learning rate (LR) Constant

3. Results and Discussion

3.1 Chemical Composition of Fresh Milk Sample

The important components of the dairy products analyzed in this study were protein, fat, and
lactose. Based on the results of the analysis of all samples, protein, fat, and lactose data were obtained
for each sample based on milking time (morning and evening). The results of this analysis are
presented in Table 2. The average fat content in milk differed between milking times, with 2.58 +1.74%
in the morning and 3.99 + 2.16% in the evening. Thus, the fat content in the morning was below the

Indonesian national standard, which has a minimum fat content of 3%.

Table 2. Results of milk composition with Milkotester

Parameter = Time Milking Content (%) SNI 3141.1.2011 (%)
Protein Morning 3.32+0.17 Minimum 2.8
Evening 3.28+0.19 Minimum 2.8
Fat Morning 2.58+1.74 Minimum 3.0
Evening 3.99+2.16 Minimum 3.0
Lactose Morning 5.00+£0.26 -
Evening 4.96+0.27 -

Protein content that meets the standard indicates the quality of feed given to livestock. Based on
previous research results (Suhendra et al., 2015), the optimal balance of concentrates and forages is

40% concentrate and 60% forage, which improves the milk quality of dairy cows. The fat content in
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milk during afternoon milking was higher by 3.99+2.16 than in morning milking by 2.55+1.74. This is
because the milking time interval from morning to evening is shorter (+11 h) than from afternoon to
morning milking (+13 h). Milk quality variations in milking intervals cause differences, especially in
protein, fat, and dry matter content (Nugraha et al., 2016). Lactose is one of the constituents of dry
matter (total solids) in milk, along with other components, such as fat, protein, vitamins, and minerals.
According to Maulidina et al. (2021), a decrease in total solid content is followed by a decrease in fat

and protein content.

3.2 Spectral Characteristics of Fresh Milk

Fresh milk reflectance data from the sample measurements in the wavelength range of 740-1070
nm are presented in Figure 2. The graph shows peaks and valleys of specific spectra, which indicate
the interaction of NIR waves with certain chemical contents in milk samples. NIR waves interact with
chemical bonds in organic molecules, such as C-H, N-H, O-H, and S-H (Liu et al., 2018). More specific
in the short-wave NIR region, Wu et al. (2008) mentioned that specific wavelengths that correlated
and could be used for predicting fat (927 nm, 992 nm, 1018 nm, 1033 nm and 1040 nm) and protein
(904 nm, 949 nm, 987 nm, and 1002 nm). A notable decrease in the spectrum at 960-970 nm indicates
the presence of O-H or water bonds. The strong influence of water bond absorption may create a bias
in predicting the main bonds in the milk composition, which is similar to the results of previous
studies (Riu et al., 2020).

0.8
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Figure 2. Spectra of sample scanning results with SCiO NIR spectrometer.
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3.3 Prediction of Fat Content

Table 3 shows that SNV pre-treatment provides the best model for predicting fat content using
PLS-R at an LV of 8. The value of R% and prediction R? of 0.884 and 0.810 shows that the model has a
good performance in predicting fat because it is close to 1 (Ahmad & Sabihah, 2018). The RMSEC and
RMSEP values were 0.69 and 0.68, respectively, with a difference of only 0.01. The small difference
between RMSEC and RMSEP indicates that the produced model is better and more stable (Lammertyn

et al., 2000).
Table 3. Performance of the fat content prediction model using PLS-R.
Pre-treatment LV R2. R2?, RMSEC RMSEP RPD
Raw data 9 0.884 0.828 0.62 0.70 2.50
Savitzky-Golay 9 0.884 0.828 0.62 0.72 2.43
Normalize 8 0.884 0.810 0.62 0.74 2.35
Detrending 6 0.884 0.792 0.64 0.76 2.29
SNV 8 0.865 0.828 0.69 0.68 2.57
MSC 9 0.903 0.449 0.6 0.73 2.40

Table 4. Performance of fat content prediction model using ML

Algorithm Pre-treatment Hyperparameter = R% R%» RMSEC RMSEP RPD
RF Original MD: 30, NE: 25 0.965 0.709 0.33 0.97 1.87
RF LV(SNV) MD: 20, NE: 50 0.971 0.824 0.30 0.76 2.40
RF PC MD: 30, NE: 25 0.964 0.814 0.33 0.78 2.34
AF: relu, a: 0.001,
ANN Original HLS: (56, 7), 0.999 0.769 0.05 0.86 2.09
Solver: Ibfgs
AF: relu, a: 0.01,
ANN LV(SNV) HLS: (56, 56,56),  0.999 0.901 0.01 0.57 3.19
Solver: Ibfgs
AF: tanh, a: 0.001,
ANN PC HLS: (28, 28, 28), 0.999 0.892 0.01 0.59 3.06

Solver: Ibfgs

The performance metrics for fat milk prediction using machine learning, as outlined in Table 4,
indicate good accuracy and precision. The R%, R?», RMSEC, RMSEP, and RPD values were 0.99, 0.90,
0.01, 0.57, and 3.19, respectively. Additionally, the high RPD value of 3.19 suggests the excellent
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predictive capability and reliability of the model (Williams, 2010). The choice of the Standard Normal
Variate (SNV) pre-treatment method for estimating fat content is attributed to the suspicion of high
scattering values in the obtained spectrum data. Scattering occurs when the light received by the NIR
device does not pass smoothly through the object or surface but is reflected in various directions. The
SNV is optimal in this scenario because it effectively mitigates the effects of scattering, enhancing the

accuracy of fat content estimation in milk.

3.4 Prediction of Protein Content

Based on the results presented in Table 5, it is evident that the pre-treatment method used for
predicting milk protein content, specifically normalization at an LV of 10, yielded suboptimal
performance. This conclusion was drawn based on the relatively low values obtained for R2p and
RPD, which were 0.397 and 1.25, respectively. In this case, the modest R2p and RPD values suggest
that further optimization or alternative pretreatment methods may be necessary to enhance the
accuracy and robustness of the protein content prediction model. The obtained results may not be
optimal because of the insufficient wavelength range for predicting the protein components in milk.
The use of the NIRONE 2.5 MEMS NIR type, with a wavelength range of 2000-2450 nm, provides
relatively optimal predictions (Uusitalo et al., 2021).

Table 5. Performance of the protein content prediction model using PLS-R.

Pre-treatment LV R2. R2, RMSEC RMSEP RPD
Raw data 6 0.221 0.109 0.16 0.17 1.06
Savitzky-Golay 10 0.423 0.053 0.14 0.17 1.04
Normalize 10 0.533 0.397 0.12 0.14 1.25
Detrending 9 0.518 0.152 0.12 0.17 1.05
SNV 9 0.476 0.212 0.13 0.17 1.06
MSC 8 0.449 0.314 0.13 0.16 1.11

The performance of protein milk prediction using machine learning, as presented in Table 6,
demonstrates a notable accuracy and precision. The obtained values for R?%, R?, RMSEC, RMSEP, and
RPD were 0.96, 0.56, 0.03, 0.11, and 1.52, respectively. ANN algorithms, such as those employed in
this study, are recognized for their capability to handle complex or imprecise data and effectively
tackle unstructured problems (Sunandar & Sutopo, 2024). Other studies have also successfully utilized
artificial intelligence/machine learning algorithms, including ANN and RF, for the detection and
monitoring of key parameters (i.e.,, composition, adulteration detection, and indicators of microbial
quality) of dairy products (Jiménez-Carvelo et al.,, 2022; Mhapsekar et al.,, 2025). However, the
significant difference in R? values between the calibration (R%) and prediction (R%) of protein content
indicates overfitting during the training process. Further analysis is needed to determine the reason
for this issue and potential solutions to solve it.
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Table 6. Performance of the protein content prediction model using ML.

Algorithm Pre-treatment Hyperparameter R% R?» RMSEC RMSEP RPD

RF Original g/;D: None, NE= 6 913 0247 0.04 0.15 1.16
RF LV(Normalize) MD:20, NE:100 0.909 0.332 0.04 0.14 1.23
RF PC 11\/;15): None, NE: 951 0392 0.04 0.13 1.29
AF: relu, a:
. 0.001, HLS: (56,
ANN Original 56,50), Solver: V982 0138 002 0.16 1.08
Ibfgs
AF: relu, a: 0.01,
ANN LV(Normalize) HLS: (56), 0.963 0562 0.03 0.11 1.52

Solver: Ibfgs
AF: relu, a: 0.01,

ANN PC HLS: (28, 28, 28), 0.991 0.504 0.01 0.12 1.02
Solver: Ibfgs

3.5 Prediction of Lactose Content

Based on Table 7, the best pretreatment for lactose content prediction using PLS-R is detrending at
an LV of 9. However, other parameters remained suboptimal, such as R?c of 0.52, R?p of 0.38, and RPD
of 1.22. Lactose is the most significant component of milk, besides water (Vidyanto et al., 2015).
Nevertheless, the prediction accuracy for lactose remains limited, mainly due to significant spectral
interference from the strong O-H absorption of water, which overlaps with the characteristic
absorption bands of lactose. Unlike fat and protein, which contain distinct functional groups such as
ester and amide bonds that produce more specific NIR features, lactose exhibits weaker and less
distinguishable spectral signals in the short-wave NIR region than fat and protein. This is similar to
the study by Guerra et al. (2024), who did not find the best model for milk lactose prediction.

Table 7. Performance of lactose content prediction model using PLS-R.

Pre-treatment LV R2 R?% RMSEC RMSEP RPD
Raw data 2 0.040 0.029 0.26 0.24 1.09
Savitzky-Golay 2 0.040 0.029 0.26 0.24 1.09
Normalize 6 0.260 0.058 0.23 0.24 1.08
Detrending 9 0.518 0.384 0.18 0.21 1.22
SNV 8 0.360 0.116 0.21 0.26 1.01
MSC 8 0.360 0.130 0.21 0.26 1.02
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Table 8. Performance of lactose content prediction model using ML.

Algorithm Pre-treatment  Hyperparameter RZ% R%  RMSEC RMSEP RPD

RF Original 11\?0): None, NE 5914 0272 0.06 0.21 1.18
D: E:

RF LV(Detrending) 11\/;5 None, NE: 5903 0.410 0.07 019 131

RF PC MD:30,NE:75 0919 0369 0.06 019 127
AF: alpha, a:

. 0.001, HLS:

ANN Original (100), Solver: 0995 0269 002 021 118
Ibfgs
AF: tanh, o: 0.01,

ANN LV(Detrending) HLS: (100,100), 0999 0252 0.01 021 116

Solver: Ibfgs
AF: relu, a: 0.01,

ANN PC HLS: (56), 0.998 0.444 0.01 0.18 1.35
Solver: Ibfgs

The performance metrics for lactose milk prediction using machine learning, as illustrated in Table
8, exhibited better performance than PLS-R. The obtained values for R%, R?», RMSEC, RMSEP, and
RPD were 0.99, 0.44, 0.01, 0.18, and 1.35, respectively. As with protein estimation, the significant
difference in R? values between the calibration (R%) and predictions (R%) indicates overfitting during
the training process. The scatter plots of the best model for predicting the fat, protein, and lactose
content in milk using ANN and RF machine learning models are presented in Figures 3, 4, and 5,

respectively.
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Figure 3. Performance prediction of milk fat using RF and ANN model.
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Overall, the utilization of machine learning presents a marked improvement in the prediction
results over the traditional PLS-R method. This underscores the effectiveness of machine learning
algorithms in enhancing the predictive capabilities and accuracy of milk composition analyses.
However, of the best models obtained for the three components (i.e., protein, fat, and lactose), only
the fat content prediction model performed well and was acceptable for all the samples. Referring to
the model performance assessment based on the RPD value proposed by Williams (2010), the fat
content prediction model with an RPD of 3.0-3.4 was considered a good model that could be used in
quality control. Meanwhile, the protein and lactose content prediction models with an RPD value of
0.0-1.9 were considered very poor models and therefore not recommended for use.

During model development, hyperparameter tuning optimization was performed, which appeared
to be effective for fat content estimation. However, the indications of overfitting in the estimation
require further analysis. Several reasons for this occur, including the relatively limited variation or
range of data. The data in Table 1 show that the fat content has a higher range and variation than
protein and lactose. Another possible cause is the relatively small amount of data compared with the
number of variables used as predictors. According to Ying (2023), several possible ways to address
the problem of overfitting include early stopping and reducing the network size during machine
learning model training to reduce noise, and data expansion by adding more data, which may be
necessary for fine-tuning the machine learning hyperparameters.

In terms of practicality, the use of a smartphone-based portable spectrometer, as used in this study,
offers distinct advantages over conventional spectrometers. In terms of hardware, such a system
requires only a primary sensor (i.e., a miniaturized spectrometer) and a simple communication device,
such as Bluetooth. This allows low-cost system development. Integration with smartphones, which
are now widely owned by almost everyone and have high computing capabilities, mobile internet
connectivity, and various other built-in sensors, further supports the development of the system. The
use of machine learning-based prediction models, which require higher computational power, is no
longer a significant problem. The use of machine learning opens up opportunities for developing
prediction systems using low-cost, low-resolution sensors. The superiority of machine learning in
learning data patterns, which is superior to conventional analysis methods, can compensate for the
weaknesses of low-cost, low-resolution sensor-based systems.

4. Conclusion

NIRS technology, operating within a short-wave wavelength range of 740-1070 nm, has emerged
as a promising alternative for the classification of the chemical composition of fresh milk samples. The
use of machine learning, such as ANN and Random Forest, can enhance the performance of portable
NIR SCiO in predicting milk composition, including fat, protein, and lactose content, compared to
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chemometric methods such as PLS-R. The ANN model achieved the best predictions, with R?p values
of 0.901, 0.562, and 0.444 for the fat, protein, and lactose contents, respectively. The RMSEP values for
these predictions were 0.57, 0.11, and 0.18, and the RPD values were 3.19, 1.52, and 1.35, respectively.
Despite the limited performance of protein and lactose prediction, combining machine learning
methods with portable NIR applications offers a quick and effective way to analyze the fat content of
milk. This strategy has the potential to significantly improve the procedures used to evaluate the

quality of milk in various applications, including research projects and dairy industry operations.
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