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Abstract. Predictive analysis plays a crucial role in optimizing agro-industrial processes, such as milk
cooling, which is essential for maintaining its quality. This study investigates the application of multiple
regression models to predict critical variables in the milk cooling process, using a synthetic dataset
with 10,000 samples. The dataset was structured to reflect key parameters like milk volume and initial
temperature, inspired by information from a reference technical document on the numerical simulation of
milk cooling [[1]]. Twenty regression algorithms were trained and evaluated to predict the actual cooling
time, heat flux, and simulated cooling time. The results demonstrate that decision tree-based models
(e.g., Gradient Boosting, LightGBM, Random Forest) achieved high accuracy (R? > 0.99) in predicting
cooling times and good performance (R? > 0.97) for heat flux. This study highlights the utility of
synthetic datasets for the development and evaluation of predictive models in a controlled environment,
providing valuable insights for understanding and potentially optimizing the milk cooling process.

Keywords: Milk Cooling, Machine Learning, Regression Models, Synthetic Data, Predictive Analysis,
Surrogate Models.

(Received July 7th, 2025 / Accepted December 19th, 2025)

Introduction

In this scenario, predictive analysis based on machine

The efficient cooling of milk on the farm is a critical
step in the dairy production chain, fundamental for pre-
serving its microbiological and physicochemical qual-
ity, and for complying with sanitary regulations, such
as Normative Instruction No. 62 in Brazil, which rec-
ommends cooling to temperatures of up to 7 °C (ideally
4°C) within 3 hours after milking [1]. Modeling and
numerical simulation, as demonstrated by Rezende et
al. [[1]] using the finite element method (FEM) to analyze
cooling tanks, offer powerful tools for understanding
thermal dynamics and optimizing such systems. These
methods, although accurate, can be computationally in-
tensive, especially for extensive parametric analyses or
for integration into real-time decision-making systems.

learning (ML) emerges as a promising complementary
approach, capable of developing fast and accurate pre-
dictive models from data representative of the system
(5.

Acquiring large volumes of comprehensive exper-
imental data to train ML models in complex agro-
industrial processes like milk cooling faces significant
challenges, including high costs, collection time, and
the inherent difficulty in systematically covering a vast
spectrum of operational conditions. Synthetic datasets,
generated from validated simulation models or funda-
mental physical principles, such as those explored by
Rezende et al. [1]], constitute a strategic alternative [6].
They allow for the controlled and scalable creation of
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datasets that mimic the behavior of real systems, facil-
itating exploratory research, development, and robust
validation of predictive models before their practical
implementation. Although synthetic data may not cap-
ture all the idiosyncrasies and stochastic noise of ex-
perimental data, their use is crucial for accelerating the
development cycle and for testing hypotheses in a de-
terministic and well-characterized environment.

The present study investigates the application of
predictive analysis, through a diverse set of regression
models, to a detailed synthetic dataset. This dataset was
designed to simulate the milk cooling process, incorpo-
rating key variables such as milk volume, initial tem-
perature, and resulting in metrics like cooling times and
heat fluxes, in line with the parameters and phenom-
ena studied by Rezende et al. [1]]. The central research
problem is to determine how effectively these ML mod-
els can learn the complex relationships inherent to this
thermo-fluid-dynamic process from synthetic data, and
whether they can serve as efficient "surrogate models"
for detailed numerical simulations.

The main objective of this work is, therefore, to
evaluate the applicability and accuracy of multiple re-
gression algorithms in predicting critical variables of
the milk cooling process (actual cooling time, actual
heat flux, and simulated cooling time), using the afore-
mentioned synthetic dataset. The goal is not only to
quantify the predictive performance but also to discuss
the relevance and limitations of this approach, compar-
ing the insights obtained with established knowledge
and the simulation results presented in the study by
Rezende et al. [[1]].

1.1 Theoretical Framework

Predictive analysis uses techniques from statistics, data
mining, and machine learning to make predictions
about unknown future events. In the context of milk
cooling, predicting the time required to reach the target
temperature (usually 4 °C) is crucial to inhibit micro-
bial growth and preserve the physicochemical proper-
ties of the milk [1]]. The reference document [1]] em-
phasizes the importance of numerical simulation, such
as the finite element method, to model the cooling pro-
cess and understand the temperature distribution in the
tank. This type of simulation generates data that, while
not "real" in the direct experimental sense, is grounded
in physical principles of heat transfer and fluid dynam-
ics.

Regression models are a pillar of predictive anal-
ysis, seeking to establish a functional relationship be-
tween input variables (predictors) and a continuous out-
put variable (target). In this study, various models were

employed, from simple linear ones (Linear Regression,
Ridge, Lasso) to more complex tree-based algorithms
(Random Forest, Gradient Boosting, XGBoost, Light-
GBM), nearest neighbors (KNeighbors), support vector
machines (SVR), and neural networks (MLP Regres-
sor). Each of these models has different assumptions
and capabilities for capturing linear and non-linear re-
lationships in the data [4].

Synthetic datasets, like the one used in this study,
are increasingly relevant. They allow data to be gener-
ated in scenarios where real data is scarce, expensive,
or sensitive. For studying processes like milk cooling,
a synthetic dataset can be constructed by incorporating
the physical properties of milk (density, specific heat),
tank dimensions, and heat transfer laws, as described
in the document [[1]. The structure of our synthetic
dataset, with columns for volume, initial temperature,
calculated characteristics (mass, milk height, heat to be
removed), and outcome variables (cooling time, heat
flux), was designed to mirror a realistic scenario and
allow for the exploration of the relationships governing
the process, in line with the parameters used in the nu-
merical simulations of the reference document.

The main objective of this work is, therefore, to
evaluate the applicability and accuracy of multiple re-
gression algorithms in predicting critical variables of
the milk cooling process (actual cooling time, actual
heat flux, and simulated cooling time), using the afore-
mentioned synthetic dataset. The goal is not only to
quantify the predictive performance but also to discuss
the relevance and limitations of this approach, compar-
ing the insights obtained with established knowledge
and the simulation results presented in the study by
Rezende et al. [[1].

The key contributions of this paper can be summa-
rized as follows:

1. A comprehensive comparative analysis: We
evaluate and compare the performance of twenty
different regression algorithms, identifying tree-
based ensemble models as the most effective for
predicting milk cooling dynamics with high accu-
racy (R? > 0.99 for cooling time).

2. Demonstration of synthetic data utility: We
highlight the strategic value of using a large-
scale, physics-informed synthetic dataset to ro-
bustly train and benchmark machine learning mod-
els, bypassing the common challenges associated
with real-world experimental data acquisition.

3. Foundation for surrogate modeling: We estab-
lish that the trained machine learning models can
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serve as computationally efficient surrogate mod-
els for complex and time-consuming Finite Ele-
ment Method (FEM) simulations, paving the way
for applications in real-time process control and
optimization.

1.2 Related Work

The literature on process modeling for thermal sys-
tems, including milk cooling, is historically dominated
by physics-based numerical simulations. Techniques
such as the Finite Element Method (FEM) and Compu-
tational Fluid Dynamics (CFD) are standard tools for
analyzing heat transfer and fluid flow. The work of
Rezende et al. [1] is a prime example in our specific
domain, using FEM to simulate temperature distribu-
tion in a milk cooling tank. Similar approaches have
been applied to other complex thermal systems, such
as analyzing LPG tanks under fire [§] or modeling the
behavior of pressure vessels [9]. While these simula-
tion methods are highly accurate, their primary draw-
back is the significant computational cost, which lim-
its their use for real-time decision-making or extensive
parametric studies.

In parallel, there has been a growing trend of apply-
ing Machine Learning (ML) to various domains within
agriculture and food science, including crop yield pre-
diction, pest detection, and food quality assessment.
The motivation is often to create data-driven models
that can make fast and accurate predictions without ex-
plicitly solving the underlying physical equations [5].
This shift from explanatory, physics-based modeling to
predictive, data-driven modeling represents a signifi-
cant paradigm change.

Our work is positioned at the intersection of these
fields, specifically exploring the use of ML models as
computationally efficient surrogate models (or meta-
models) for complex physical simulations. A surro-
gate model learns the input-output mapping of a sim-
ulation, providing near-instantaneous predictions once
trained. This approach has gained traction in engineer-
ing and science to accelerate design optimization, un-
certainty quantification, and sensitivity analysis, where
thousands or millions of model evaluations are required.
By training regression models to predict cooling time
and heat flux, we aim to create a surrogate for the FEM
simulation described by Rezende et al. [[1]].

A key challenge in developing such data-driven
models is the availability of large, high-quality datasets.
Experimental data collection is often expensive, time-
consuming, and may not cover the full range of oper-
ational parameters. To overcome this, our study lever-
ages a synthetic dataset. As outlined by Jordon et al.

[6]], synthetic data generation offers a powerful strat-
egy to create large, perfectly-labeled datasets for train-
ing ML models in a controlled manner. Unlike studies
that might rely on limited experimental data, our ap-
proach uses a dataset generated from established phys-
ical principles, allowing us to robustly evaluate the in-
trinsic ability of different ML algorithms to learn the
complex, non-linear dynamics of the milk cooling pro-
cess. This methodology enables a rigorous compara-
tive analysis that would be difficult to achieve with real-
world data alone.

The remainder of this paper is organized as follows.
Section [2] details the methodology, describing the syn-
thetic dataset, the suite of regression algorithms, and
the performance evaluation metrics used. Section [3]
presents and discusses the empirical results, comparing
the predictive accuracy of the models across the differ-
ent target variables. Finally, Section M]concludes the
paper, summarizing the main findings and outlining av-
enues for future work.

2 Methods

This study employed a quantitative approach based on
the analysis of a synthetic dataset to evaluate predictive
regression models.

2.1 Synthetic Dataset and Variable Definition

A synthetic dataset containing 10,000 samples was
used, each representing a milk cooling cycle. The struc-
ture of the dataset includes the following main columns:

e ID_Amostra: Unique sample identifier.
e Volume_Leite_L: Milk volume in liters.

e Temperatura_Inicial_C: Initial milk tem-
perature in Celsius.

e Altura_Leite_m: Milk height in the tank, cal-
culated from the volume.

* Massa_Leite_kg: Mass of the milk, calculated
from volume and density.

e Delta T Resfriamento_C: Difference be-
tween initial and final temperature.

e Calor_ Total Removido_J: Total amount of
heat to be removed.

e Tempo_Resfriamento_Real_min: Actual

cooling time in minutes.

e Fluxo_Calor_Real_ Wm2: Actual heat flux in
W/m?.
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* Erro_Percentual_Simulacao_pct: Per-
centage error of the simulation.

* Tempo_Resfriamento_Simulado_min:
Simulated cooling time in minutes.

* Temperatura_Final_C: Final milk tempera-
ture (constant at 4 °C).

The primary input variables (predictors), defined for
all regression models, were Volume_Leite_L and
Temperatura_Inicial_C. The study focused
on predicting multiple output variables of interest;
however, each regression model was trained and
evaluated independently to predict a single output
variable at a time (single-output approach). The output
variables (targets) analyzed individually in this study
were: Tempo_Resfriamento_Real_min,
Fluxo_Calor_Real_Wm2, and
Tempo_Resfriamento_Simulado_min. Thus,
for each of these three target variables, a complete set
of twenty regression models was fitted and evaluated.

2.2 Regression Models and Evaluation Strategy

The selection of regression algorithms for this study
aimed to cover a diverse spectrum of approaches, from
classic linear models to complex ensembles and neu-
ral networks, allowing for a robust comparative evalua-
tion of their ability to model the relationships present
in the synthetic dataset. Twenty distinct algorithms
were implemented using the Scikit-learn library [[10],
along with popular gradient boosting implementations
like XGBoost [11] and LightGBM [12].
The set of models included:

* Linear Models: Simple Linear Regression, Ridge
Regression (L2 regularization), Lasso Regression
(L1 regularization, promoting sparsity), Elastic-
Net (combination of L1 and L2) [[7]. These mod-
els assume a linear relationship between predictors
and the target variable, with different approaches
to handle multicollinearity and feature selection.
Additionally, Bayesian Ridge, which introduces
a Bayesian approach to linear regression, Huber
Regressor, robust to outliers, Passive Aggressive
Regressor, and SGD Regressor (Stochastic Gradi-
ent Descent), suitable for large datasets and online
learning, were included. The TheilSen Regressor,
another robust estimator, was also considered.

* Instance-Based Models: KNeighbors Regressor
(KNN), which predicts the target variable’s value
based on the average of its nearest neighbors in the
feature space [13]].

* Decision Tree-Based Models and Ensembles:
Decision Tree Regressor, which recursively parti-
tions the feature space; and its ensemble-based en-
hancements like Random Forest Regressor (bag-
ging of decision trees) [14], Extra Trees Regres-
sor (Extremely Randomized Trees). Boosting al-
gorithms were also included, such as AdaBoost
Regressor (Adaptive Boosting) [15], Gradient
Boosting Regressor, XGBoost (Extreme Gradient
Boosting), and LightGBM (Light Gradient Boost-
ing Machine), known for their high performance
on tabular data by sequentially building trees that
correct the errors of previous ones [[16].

* Support Vector Machines (SVM): SVR (Support
Vector Regression) with a linear kernel and with an
RBF (Radial Basis Function) kernel, which seek
to find a hyperplane that best fits the data, with a
margin of tolerance for errors [[17].

« Artificial Neural Networks: MLP Regressor
(Multi-layer Perceptron), a simple feedforward
neural network capable of learning complex non-
linear relationships [|18].

For each combination of output variable and re-
gression model, the following training and evaluation
methodology was applied:

1. Data Splitting: The dataset was partitioned into
training (80% of samples) and testing (20% of
samples) subsets using a random split, ensur-
ing reproducibility through a random seed (‘ran-
dom_state*).

2. Feature Preprocessing: The input variables were
standardized (scaled) using Scikit-learn’s ‘Stan-
dardScaler‘. This process transforms the data to
have a zero mean and unit standard deviation,
which is crucial for the optimal performance of
many algorithms, such as SVMs, regularized lin-
ear models, KNN, and neural networks [7]. The
scaler was fitted only on the training data and then
applied (transform) to both the training and test
data to prevent data leakage. This step was inte-
grated into a Scikit-learn ‘Pipeline‘ to simplify the
workflow and ensure correct application.

3. Training and Prediction: Each model, encapsu-
lated in the pipeline with the scaler, was trained
using the training set (‘X_train®, ‘y_train‘). Sub-
sequently, the trained models were used to make
predictions on the test set (‘X_test®).
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4. Performance Evaluation Metrics: The perfor-
mance of the regression models was quantified us-
ing a comprehensive set of metrics, calculated by
comparing the predicted values (‘y_pred*) with the
actual values from the test set (‘y_test’):

* Coefficient of Determination (R?): Indicates
the proportion of the variance in the depen-
dent variable that is explained by the inde-
pendent variables. Values closer to 1 indicate
a better fit [[19]].

e Mean Absolute Error (MAE): The average
of the absolute differences between predicted
and actual values.

e Mean Squared Error (MSE): The average
of the squared differences between predicted
and actual values, penalizing larger errors.

* Root Mean Squared Error (RMSE): The
square root of the MSE, expressed in the
same unit as the target variable.

¢ Median Absolute Error (MedAE): Robust to
outliers, represents the median of the abso-
lute errors.

* Explained Variance Score (EVS): Measures
the proportion to which a mathematical
model accounts for the dispersion of a given
dataset. If the errors have a zero mean, it is
equal to R?.

The results of all metrics were compiled into tables for
each output variable. Additionally, the R? scores were
visualized in horizontal bar charts, sorted in descending
order, to facilitate a visual comparison of the predictive
power of the different models for each target.

3 Results

The application of regression models to the synthetic
dataset revealed significant insights into the predictabil-
ity of the output variables. Detailed results (metric ta-
bles and R? plots) were generated and analyzed for
each target.

3.1 Prediction of Tempo_Resfriamento_Real_min

As visualized in Figure[T] the tree-based ensemble mod-
els (Gradient Boosting Regressor, LightGBM Regres-
sor, Random Forest Regressor, XGBoost Regressor)
and the KNeighbors Regressor, as well as the MLP
Regressor, demonstrated excellent predictive capabil-
ity, with R? scores consistently above 0.99, as seen in
Table [T} For example, the Gradient Boosting Regres-
sor achieved an R? of 0.995865. This indicates that

more than 99.5% of the variability in the actual cooling
time can be explained by the milk volume and its ini-
tial temperature. Linear models, although showing rea-
sonable R? (e.g., Linear Regression with R? of 0.863),
were significantly outperformed, suggesting predomi-
nant non-linear relationships. These high R? scores
align with the expectation that cooling time is strongly
determined by these physical parameters, as would be
inferred from a physical simulation model like the one
described in [1]]. The reference document, by using nu-
merical simulation, also assumes a strong dependence
on these parameters.

3.2 Prediction of Fluxo_Calor_ Real Wm2

For the prediction of heat flux (Figure[2)), the tree-based
ensemble models again stood out, with Gradient Boost-
ing (R? = 0.973), LightGBM (R? = 0.973), and XG-
Boost (R? = 0.971) leading, as also shown in Table
However, there was a sharp drop in performance for
linear models, with R? scores close to 0.04, and neg-
ative R? for others (e.g., TheilSen Regressor with R?
= -0.508). This suggests that the relationship between
the inputs and heat flux is considerably more complex
and non-linear than for cooling time. Heat flux, being
a derived rate (energy per unit time and area), is inher-
ently more sensitive to variations and interactions. The
ability of tree-based models to capture these complex
interactions justifies their better performance. The doc-
ument [ 1] does not detail the direct predictability of heat
flux, but heat transfer principles would indicate a com-
plex relationship.

3.3 Prediction of Tempo_Resfriamento_Simulado_min

The results for predicting the simulated cooling time
(Figure3)) were very similar to those for the actual cool-
ing time, with the same tree-based ensemble models
and MLP Regressor achieving R? > 0.99, as can also
be seen in TableE} This was expected, as the simulated
time was generated in the synthetic dataset from the ac-
tual time with the addition of a small percentage error.
The high correlation between the two times ensures that
models capable of predicting one will also predict the
other with similar effectiveness.

3.4 Further Discussion and Implications

The use of the synthetic dataset in this study tran-
scended the mere generation of data volume; it proved
to be a valuable tool for the controlled and compara-
tive evaluation of the intrinsic capabilities of various
regression algorithms. By mimicking a complex phys-
ical process like milk cooling, based on the principles
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R2 Scores of Regression Models for Target: Tempo_Resfriamento_Real_min
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Figure 1: Comparison of R? scores in descending order for *Tempo_Resfriamento_Real_min’
Table 1: Regression Model Results for *Tempo_Resfriamento_Real_min’ (Sorted by R? Score)
Model R*Score  MAE  MSE RMSE MedAE EVS
Gradient Boosting Regressor 0.9959 3.006 17.539  4.188 2.131  0.9959
LightGBM Regressor 0.9956 3.063 18705  4.325 2.155  0.9956
Random Forest Regressor 0.9951 3255 20.854  4.567 2313 0.9951
KNeighbors Regressor 0.9950 3282  21.005  4.583 2307  0.9951
XGBoost Regressor 0.9949 3229  21.763  4.665 2271  0.9949
MLP Regressor 0.9947 3420 22420 4735 2458  0.9947
Extra Trees Regressor 0.9947 3373 22611  4.755 2376  0.9947
AdaBoost Regressor 0.9931 4269 29380 5.420 3.669  0.9932
Decision Tree Regressor 0.9920 4.122 34101  5.840 2.880  0.9920
SVR (RBF Kernel) 0.9912 3.735 37.208  6.100 2304  0.9913
Lasso Regression 0.8635  20.351 578.816 24.059 19.851 0.8636
Ridge Regression 0.8633 20411 579.617 24.075 20.008 0.8634
Bayesian Ridge 0.8633  20.412 579.622 24.075 20.016 0.8634
Linear Regression 0.8633  20.412 579.625 24.075 20.019 0.8634
SGD Regressor 0.8632  20.500 580.272 24.089 20.222 0.8632
Huber Regressor 0.8597 19.962 594.859 24390 17.931 0.8633
SVR (Linear Kernel) 0.8520 19.862 627.665 25.053 16.298 0.8621
Passive Aggressive Regressor ~ 0.8422  20.119 669.453 25.874 15.171 0.8635
TheilSen Regressor 0.8047  21.095 828.369 28.781 12.164 0.8627
ElasticNet 0.7740  24.019 958.726 30.963 20.325 0.7740
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Figure 2: Comparison of R? scores in descending order for heat flux prediction (Fluxo_Calor_Real_Wm2)

Model
Gradient Boosting
LightGBM
XGBoost
Random Forest
KNeighbors
Extra Trees
Decision Tree
AdaBoost

SVR (RBF)
Linear Models
SGD Regressor
Lasso

Bayesian Ridge
Ridge

Linear

MLP
ElasticNet
Huber

SVR (Linear)
Passive Aggressive
TheilSen

R2
0.9732
0.9730
0.9706
0.9699
0.9687
0.9679
0.9510
0.9437
0.7260

0.0413
0.0409
0.0408
0.0408
0.0408
0.0390
0.0269
-0.0394
-0.1070
-0.1884
-0.5076

MAE
85.39
86.29
90.19
91.51
92.93
94.23

116.96

127.14

246.20

551.14
550.25
550.13
550.09
550.09
549.82
557.66
535.16
534.99
534.90
568.56

Table 2: Regression model performance for heat flux prediction (Fluxo_Calor_Real_Wm2) sorted by R? score

MSE RMSE MedAE EVS
11,996.87 109.53 7041  0.9732
12,087.87  109.95 72.53  0.9730
13,192.19 114.86 73.86  0.9706
13,501.28 116.20 76.18  0.9699
14,007.25 118.35 77.83  0.9688
14,365.44 119.86 79.56  0.9679
21,945.69 148.14 99.57  0.9510
25,228.65 158.84  109.81  0.9468

122,797.27 35042  163.72  0.7318

429,638.28 65547 53791 0.0413
429,845.63 655.63  534.42  0.0412
429,856.28 655.63  534.04 0.0411
429,860.67 655.64  533.67 0.0411
429,861.05 655.64  533.64 0.0411
430,663.02 656.25  533.14  0.0396
436,116.44 660.39  547.49  0.0272
465,837.39 682.52  461.03 -0.0179
496,107.47 704.35  438.37 -0.0691
532,610.32  729.80  408.05 -0.1509
675,634.57 821.97  365.33 -0.1569
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R2? Scores of Regression Models for Target: Tempo_Resfriamento_Simulado_min
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Figure 3: Performance comparison (R? scores) for simulated cooling time prediction (Tempo_Resfriamento_Simulado_min)

Table 3: Regression results for simulated cooling time prediction (sorted by R? score)

Model R? MAE MSE RMSE MedAE EVS
Gradient Boosting ~ 0.9948 3.37 22.23 4.72 2.42  0.9948
LightGBM 09944 344  23.89 4.89 2.41 0.9944
Random Forest 0.9939 3.63 26.02 5.10 2.62  0.9939
XGBoost 0.9938 3.58 26.29 5.13 2.54 0.9938
KNeighbors 0.9938 3.67 26.38 5.14 2.68 0.9938
MLP 0.9937 374  26.99 5.20 2.70  0.9937
Extra Trees 09934 374 2797 5.29 2.63  0.9934
AdaBoost 09919 470  34.29 5.86 420 0.9920
Decision Tree 0.9906 4.54  40.04 6.33 3.15 0.9906
SVR (RBF) 0.9895 414  44.65 6.68 2.56  0.9896
Linear Models

Lasso 0.8622 20.41 58599 2421 20.13 0.8623
Ridge 0.8620 20.48 586.84  24.22 20.22  0.8621
Bayesian Ridge 0.8620 20.48 586.84  24.22 20.22  0.8621
Linear 0.8620 20.48 586.85 24.22 20.22  0.8621
SGD 0.8619 20.56 587.40 24.24 20.44 0.8619
Huber 0.8583 20.01 602.59 24.55 17.83  0.8620
SVR (Linear) 0.8504 1991 63632 25.23 16.39 0.8605
Passive Aggressive  0.8456 20.22 656.71 25.63 1593 0.8613
TheilSen 0.8034 21.15 835.83 28.91 12.29 0.8612
ElasticNet 0.7727 24.03 966.43 31.09 20.07 0.7727
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explored by Rezende et al. [|1], the synthetic dataset al-
lowed for the isolation of the algorithms’ learning ca-
pacity from the uncertainties and noise inherent in ex-
perimental data. This "digital laboratory" facilitated
the systematic investigation of how different model ar-
chitectures (linear, tree-based, SVMs, neural networks)
capture functional relationships of varying complexi-
ties, a fundamental step before application in scenarios
with real data, which is often scarcer or noisier [6]. Ad-
ditionally, ML models trained on rich and representa-
tive synthetic data have the potential to act as surrogate
models for more computationally expensive FEM sim-
ulations, such as those performed by Rezende et al. [1]],
enabling rapid parametric exploration and quasi-real-
time process optimization.

The high accuracy achieved in predicting
Tempo_Resfriamento_Real_min and
Tempo_Resfriamento_Simulado_min (R2

> 0.99 for the best models) using only milk volume
and initial temperature as predictors is of significant
practical importance. This predictive capability opens
avenues for the development of optimized control
systems in cooling tanks, which could dynamically
adjust operational parameters to minimize energy
consumption while ensuring the milk reaches the
target temperature within the regulatory deadline [[1].
Additionally, such models can support more efficient
logistics planning for milk collection and serve as a
basis for early warning systems in case of deviations in
the refrigeration system’s performance. The fact that
tree-based ensemble models (e.g., Gradient Boosting,
LightGBM) and the MLP Regressor consistently
outperformed linear models reinforces the observation
by Rezende et al. [1]] about the non-linear and complex
nature of the thermal and fluid interactions in the tank.

For the prediction of Fluxo_Calor_Real_Wm2,
although the best models (R? > 0.97) still demonstrate
strong predictive ability, the greater dispersion in R?
scores among the different algorithms and the sharp de-
cline in the performance of linear models (R? close to
0.04) are noteworthy. Heat flux, being a derived quan-
tity that intrinsically depends on the rate of tempera-
ture change and thus on the cooling time and the total
amount of heat to be removed, is inherently more sen-
sitive to non-linear interactions between volume, ini-
tial temperature, and cooling time itself (which is also
a prediction). This additional complexity, where non-
linearities compound, justifies the superiority of tree-
based ensemble models, which are capable of mod-
eling these higher-order interactions more effectively
than linear models. The exploration of more sophisti-
cated feature engineering, such as explicit interaction

terms between input variables or physics-informed fea-
tures (e.g., a non-dimensional Nusselt number if more
system parameters were known), could be investigated
to further improve the robustness of the heat flux pre-
diction.

It is crucial to acknowledge the inherent limitations
of using synthetic data. The dataset used here, although
extensive and well-founded, is an idealized representa-
tion. Real-world factors such as variations in milk com-
position (fat content, solids), the variable efficiency of
the agitation system, fouling on heat exchange surfaces,
fluctuations in ambient temperature or power grid volt-
age, and the natural wear and tear of refrigeration equip-
ment were not explicitly modeled. Therefore, the high
R? scores obtained represent a performance "ceiling"
under controlled conditions. The transition of these
models to real-world applications (the sim-to-real gap
challenge) would most likely require a calibration step
with actual experimental data and, possibly, the appli-
cation of domain adaptation or transfer learning tech-
niques [20].

Directions for future work include optimizing the
hyperparameters of the most promising models for
each target, using techniques such as GridSearchCV or
Bayesian Optimization, to further refine their perfor-
mance. The application of ML model interpretability
techniques (e.g., SHAP [21]], LIME [22]) could provide
deeper insights into how input variables influence pre-
dictions, complementing the physical understanding of
the system. Another promising avenue would be to en-
rich the synthetic dataset with variations in other opera-
tional parameters (e.g., agitator speed, refrigerant tem-
perature) or with the introduction of different tank ge-
ometries, approaching the complexity addressed by ad-
vanced FEM simulations even more closely. Finally, in-
tegrating these predictive models with real-time sensor
data could pave the way for the development of "digital
twins" of the milk cooling process, enabling continuous
monitoring, diagnosis, and optimization.

4 Conclusion

This study aimed to evaluate the applicability and ac-
curacy of a diverse set of twenty regression models for
predicting critical variables in the milk cooling process.
To this end, a synthetic dataset with 10,000 samples
was used, whose generation was informed by physical
principles and the parameters outlined in the numerical
simulation study by Rezende et al. [[1]]. The results ob-
tained offer a clear view of the potential and limitations
of predictive analysis based on machine learning in this
specific domain.

The main findings confirm the hypothesis that fun-
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damental thermodynamic variables, such as cooling
time (actual and simulated), are highly predictable (R?
> 0.99 for the best models, like Gradient Boosting and
LightGBM) when using primary predictors like milk
volume and its initial temperature. This finding not
only validates the internal consistency of the synthetic
dataset but also underscores the strong causal determi-
nation of these parameters in the physical process, a
premise implicit in FEM simulations [[I]]. The ability
of tree-based ensemble models and neural networks to
capture the inherent non-linearities of these processes
was consistently superior to that of linear models. Ad-
ditionally, the actual heat flux also proved to be pre-
dictable with good performance (R? > 0.97), although
its derived nature and greater complexity required more
robust models to capture its nuances.

In summary, this work demonstrates that predic-
tive analysis, when applied to well-founded synthetic
datasets, constitutes a powerful and efficient tool for
the development, testing, and comparison of machine
learning models in a controlled environment. It comple-
ments traditional approaches based on numerical simu-
lation, offering the potential for creating fast and accu-
rate surrogate models, with direct implications for pro-
cess optimization, energy efficiency, and quality control
in the dairy industry. The results reinforce the strong
dependence of cooling dynamics on input physical pa-
rameters and highlight the remarkable ability of certain
ML algorithms to learn and generalize these complex
relationships.

Future research should focus on validating these
predictive models with real experimental data to quan-
tify the gap between simulation/synthetic and reality
(the sim-to-real gap) and explore domain adaptation
techniques. Expanding the synthetic dataset to include
a wider variety of operational parameters (e.g., agita-
tion rate, refrigerant type, tank geometry) and phenom-
ena (e.g., ice formation, variations in milk composition)
could lead to even more comprehensive models. Addi-
tionally, hyperparameter optimization and the applica-
tion of model interpretability techniques (XAI) are log-
ical steps to refine performance and increase the con-
fidence in and understanding of the developed models,
bringing them closer to practical application in decision
support systems in the industry.
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