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Abstract. The dairy processing industry has a strategic role in fulfilling people’s nu-
trition. However, traditional methods of determining product quality take a long time,
which can lead to product damage and financial losses. Therefore, an intelligent quality
control system is required to improve efficiency and accuracy in quality determination.
This research aims to analyze quality criteria and design a fat filled powder quality as-
sessment model using a machine learning approach. Machine learning approach with
Decision Tree, AdaBoost, Gradient Boosting and Random Forest are proposed to model
the quality assessment. To validate model performance, a cross validation was proposed.
The results showed that all proposed model has good performance and is validated using
cross-validation. The Decision Tree model showed the best results compared to Gradient
Boosting, Random Forest, and AdaBoost, with an area under the curve (AUC) of 0.989,
and accuracy, F1 score, recall, and precision of 0.994, and matthews correlation coef-
ficient (MCC) of 0.979. Machine learning-based approaches, particularly Decision Tree
models with cross validation, were shown to improve the effectiveness of fat filled pow-
der quality control in the dairy processing industry. For further industrial applications,
a system installation for model implementation is also provided.
Keywords: Fat filled powder, Quality control, Machine learning, Cross validation, De-
cision Tree

1. Introduction. Competition in the industrial world is becoming increasingly intense,
requiring businesses to enhance product quality and meet consumer expectations. As a
result, production processes and quality control play a crucial role in ensuring products
meet standards and consumer demands [1,2]. The dairy processing industry has an impor-
tant and strategic role in efforts to provide and fulfill community nutrition. According to
the Indonesian Central Bureau of Statistics, the average milk consumption in Indonesia
is only 16.27 kg/capita/year, while only about 22% of milk raw materials are supplied
domestically and the other 78% are imported [3]. Fat filled powders are an alternative raw
material used for the dairy industry [4]. Fat filled powders are made from skim milk with
added vegetable fat as a milk fat substitute, requiring homogenization before spray drying
for effective emulsification [5]. In addition, the protein and fat content of milk affects the
quality of dairy products [6].

These ingredients may degrade product quality, failing to meet company and nation-
al standards, which reduces sales and consumer interest. This increases industry com-
petition to produce high-quality dairy products amid increasingly complex nutritional
requirements [7]. The dairy industry faces quality uncertainty in continuous production,
requiring effective control. Manual monitoring of fat filled powder quality is error-prone
and inefficient, relying on a single, unreliable indicator. Multi-feature analysis is needed
to enhance accuracy, efficiency, and quality evaluation using advanced approaches. Along
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with the development of science and technology, it is possible to apply smart quality
evaluation models. The smart quality evaluation model can integrate machine learning
and quality assurance knowledge in improving product quality. Some previous studies
have used machine learning approaches in smart quality evaluation. For example, [8] used
random forest, K-nearest neighbors (KNN), and neural network (NN) for milk quality
classification. [9] used partial least squares (PLS) and artificial neural network (ANN)
to predict Lactoferrin content. Furthermore, [10] utilized Decision Tree, artificial neural
network and AdaBoost, while [11] applied artificial neural network, Decision Tree, Gra-
dient Boosting, and vector space model (VSM) to analyzing fat filled powder quality in
synthetic milk within a continuous production scheme. It introduces a smart monitoring
system for real-time assessment and prioritizes machine learning and artificial intelligence
over deep learning, focusing on bagging and boosting for classification.
A challenge to this research is the occurrence of imbalanced data, a condition where

the distribution of classes in a data set is uneven, with one or more classes having a
much smaller number of samples than other classes [12]. This condition often occurs in
binary and multi-class classification problems [13] and it may affect the machine learning
algorithms to be biased towards the majority class (the class with the largest number
of samples). This condition led the accuracy degradation for minority class [14]. Over-
coming imbalanced data in machine learning can be done through several approaches,
such as data resampling (oversampling with Synthetic Minority Over Sampling Technique
(SMOTE) or under sampling to balance the class distribution), weight adjustment to give
more attention to minority classes, and selection of imbalance-resistant algorithms such
as Random Forest or Gradient Boosting. In addition, the use of appropriate evaluation
metrics such as F1 score, area under the curve (AUC), and matthews correlation coeffi-
cient (MCC) can provide a more accurate picture of the model’s performance in handling
imbalanced data [15,16].
This research seeks to contribute to enhancing fat filled powder quality monitoring

with machine learning model development. This research also contributes to developing
an accurate model of quality prediction with challenges in data imbalanced condition.
Decision Tree-based model and its optimized model are also evaluated to test the model
accuracy in monitoring fat filled powder quality in imbalanced data history condition. By
applying machine learning considering imbalanced data condition for quality evaluation,
it becomes faster, automated, and consistent, thus reducing laboratory waiting time and
improving production efficiency.
This research aims to develop a machine learning model to evaluate fat filled powder

quality in imbalanced dataset conditions. A Decision Tree-based model and its ensemble
model are provided to develop the model to evaluate the model accuracy in imbalanced
data histories condition.
This paper is organized as follows. In Section 2, related work is provided to elaborate

previous research related to the proposed model and define the research gap and contribu-
tion. In Section 3, method is provided to explain the step-by-step research stage in model
development and evaluation. In Section 4, results and discussion are provided to explain
research result and the accurate model for fat filled powder quality evaluation. Finally,
in Section 5, the conclusion and recommendations are elaborated.

2. Related Work. Milk is a perishable product affected by uncertain substances, in-
cluding fat filled powder. To the best of the authors’ knowledge, limited studies exist on
evaluating synthetic milk quality using a machine learning-based smart evaluation sys-
tem and quality control under continuous production, especially in Indonesia. Automation
helps the food sector effectively manage product quality for human consumption, enabling
food fraud detection systems for comprehensive integrity and content analysis [17]. These
employ deep learning, machine learning, or artificial intelligence algorithm learning [18].
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For example, Dabija et al. [19] developed a milk quality monitoring system using analyt-
ical methods. Neto et al. [20] utilized deep and ensemble learning to observe the quality
of milk additives. Soyeurt et al. [9] used infrared spectra in predicting milk quality and
combined with machine learning. Machine learning was also utilized by León and Ossa [8]
for dairy product classification. If you pay attention, the study of milk quality in previ-
ous research is also diverse, namely the use of analytical methods, machine learning and
infrared spectra. According to Jiménez-Carvelo et al. [21], product quality would be best
monitored using a machine learning approach. This opens up wider research opportunities
on milk quality at the micro level of quality.

Although various previous studies have explored milk quality monitoring using ana-
lytical methods, deep learning, ensemble learning, infrared spectra, and machine learn-
ing, studies related to Fat Filled Powder (FFP) quality evaluation in continuous milk
production schemes are still limited, especially in Indonesia. However, no research has
specifically addressed the evaluation of FFP quality in sustainable dairy production with
a multi-metric-based machine learning approach. Therefore, this study proposes an FFP
quality evaluation model using Decision Tree, Gradient Boosting, Random Forest, as well
as methods without boosting and ensemble, with the selection of the best model based
on accuracy, AUC, precision, F1 score, recall, and MCC. This opens up further research
opportunities in the development of a more precise and efficient intelligent monitoring
system for the dairy industry.

3. Method. The stages and flowchart as well as the success indicators of the research can
be seen in Figure 1. This research will be completed through six main stages, where the
initial three stages have been completed and are being worked on. Thus, at this stage only
the next three stages will be completed. In the first stage, the urgency and motivation for
the research were finalized. Indicators and outputs obtained are the knowledge of the gap

Figure 1. Research stages
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and novelty of the research in terms of monitoring fat filled powder quality in a continuous
production system through machine learning. In the second and third stages, the features
and main indicators in fat filled quality monitoring were determined. This dataset consists
of seven features and one target variable, the quality of fat filled powder. The data has
dimensions of 1525× 7 and is in a clean state. The data has gone through preprocessing
and data normalization, transforming the raw data obtained from field observations. This
stage has obtained the main features in system development which can be seen in Table
3.
In the fourth stage, we will develop a smart evaluation model using Decision Tree,

Gradient Boosting, Random Forest and AdaBoost models. Firstly, we prepare the testing
and training data for model development, as also provided in [22]. While in the fifth
stage, model optimization is carried out with cross validation. In order to develop the
model, this research employs the 10-fold cross-validation technique, similar to a study by
[7]. This research uses ensemble learning with bagging (Decision Tree, Random Forest) and
boosting (Gradient Boosting, AdaBoost) models according to the algorithms in Tables 1
and 2. The primary objective of employing bagging and boosting techniques is to mitigate
the issues of overfitting and underfitting, thereby yielding outcomes with reduced bias and
variance. Bagging employs a bootstrapping sampling technique, while boosting utilizes
reweighting sampling based on the data distribution obtained from previous models [7].

Table 1. Bagging algorithm [7]

Bagging Algorithm
Input: Dataset D = {(x1, y1), (x2, y2), . . . , (xn, yn)};

Base learners T
Base learning algorithm £

1 For t = 1, . . ., T :
2 ht = £(D,Dbs); Dbs as boostrap sampling distribution
3 End

Output: H(x) = argmax
∑T

t=1Π(ht(x) = y)

Table 2. Boosting algorithm [7]

Boosting Algorithm
Input: sample distribution D;

Base learners T ;
Base learning algorithm £;

1 D1 = D; initialize distribution
2 For t = 1, . . ., T :
3 ht = £(Dt); Train a weak learner from distribution Dt

4 ϵt = PPx∼Dt(ht(x) ̸= f(x)); Evaluate the error of ht

5 Dt+1 = Adjust Distribution (Dt, ϵt)
6 End

Output: H(x) = Combine Outputs({h1(x), . . ., ht(x)})

Confusion matrix is proposed to evaluate the model performance. This involves com-
paring the predicted outcomes of the model with the actual data to assess its performance.
In Table 4, the correspondence between the predicted class (i) and the actual class (j)
is is analyzed to determine the agreement between the model’s predictions and the ac-
tual class labels. Suppose that x11, x21, x12, and x22 represent number of true positives,
false positives, false negatives, and true negatives, respectively. Based on these values,
the model’s performance can be calculated. After obtaining the values from the confusion
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Table 3. Key features in determining the quality of fat filled powder

No Attributes Data type Role Unit Max Min Average St. Dev.
1 Fat Numeric Feature % 34.6 27.0 32.70 0.58
2 Protein Numeric Feature % 20.7 18.5 19.20 0.29
3 Lactose Numeric Feature % 42.7 37.7 39.10 0.34
4 Ash Numeric Feature % 6.3 4.1 5.20 0.30
5 Moisture Numeric Feature % 2.7 1.4 2.30 0.14
6 Bulk density Numeric Feature g/ml 0.60 0.50 0.50 0.01
7 Acidity Numeric Feature % 12.1 8.8 10.50 0.47
8 FFP quality Categorical Target (Good/Bad)

Table 4. Confusion matrix

Confusion matrix
Predicted class (i)

Bad quality Good quality

Actual class (j)
Bad quality x11 x21

Good quality x12 x22

matrix, the model’s performance can be evaluated using accuracy, precision, F1 score,
recall, and AUC, as shown in Equations (1)-(4).

Accuracy =
x11 + x22∑2
i=1

∑2
j=1 xi,j

(1)

Precision =
x11

x11 + x22

(2)

Recall =
x11

x11 + x21

(3)

F1 =
2× Precision× Recall

Precision+ Recall
(4)

4. Main Results. The ensemble method combines multiple machine learning classifiers
to enhance performance beyond a single model. This study employs two ensemble models,
bagging and boosting, which have been widely validated for classification effectiveness.
The parameters used in the ensemble method model are detailed in Table 5.

Table 5. Model parameters

No Ensemble method Model Parameter Value
1 Bagging Decision Tree Min. Number of instances in leaves 4

Do not split subsets smaller than 10
Limit the maximal tree dept to 100

2 Boosting Gradient Boosting Number of trees 100
Learning rate 0.100

Limit the depth of individual tree 3
Fraction of training 1.00

3 Bagging Random Forest Number of trees 14
Number of attributes each split 5
Allowable limit depth trees No

4 Boosting AdaBoost Number of estimators 50
Learning rate 1.00
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4.1. Designing a quality evaluation model with Decision Tree. The performance
of the FFP quality evaluation model design of the Decision Tree model is further illustrated
through Table 6. The model was assessed using a confusion matrix with six metrics:
AUC, accuracy, F1 score, precision, recall, and MCC. The development of this model was
done with testing and training data and then with cross validation using 10 times cross
validation.

Table 6. Model evaluation of Decision Tree

Metode Model AUC CA F1 Prec Rec MCC
Data testing & training Tree 0.990 0.990 0.990 0.990 0.990 0.966

Cross validation Tree 0.989 0.994 0.994 0.994 0.994 0.979

In accordance with Table 6, it is concluded that the performance of the Decision tree
model with cross validation is superior compared to using training data and testing data.
Confusion matrix of the Decision Tree model can be seen in Table 7 and Table 8.

Table 7. Confusion matrix of Decision Tree data testing and training

Confusion matrix
Predicted class (i)

Total
Bad quality Good quality

Actual class (j)
Bad quality 557 13 570
Good quality 19 2621 2640

Total 576 2634 3210

Table 8. Confusion matrix of Decision Tree cross validation

Confusion matrix
Predicted class (i)

Total
Bad quality Good quality

Actual class (j)
Bad quality 231 5 236
Good quality 3 1133 1136

Total 234 1138 1372

Meanwhile, the ROC curve of the Decision Tree on model prediction using testing data
and training data shows that the AUC value = 0.500 indicates that the model has good
performance, while the ROC curve on the model with cross validation shows that the AUC
value = 0.600 indicates that the model has good performance. Model results with testing
and training data show that the Matthew’s correlation coefficient (MCC) accuracy value
is superior with a value of 0.966, compared to cross validation of 0.979. The conclusion
on both methods in determining the performance of the model with this Decision Tree is
that the method with cross validation is better and outperforms the existing matrix value
compared to the training and testing data.

4.2. Quality evaluation model design with Gradient Boosting. The performance
of the FFP quality evaluation model design of the Gradient Boosting model is further
illustrated through Table 9. The model was assessed using a confusion matrix with six
metrics: AUC, accuracy, F1 score, precision, recall, and MCC. The development of this
model was done with testing and training data and then with cross validation using 10
times cross validation.
In accordance with Table 9, it can be concluded that the performance of the Gradient

Boosting model with the cross validation method shows superior performance compared
to using testing data and training data. The Gradient Boosting model confusion matrix
can be seen in Table 10 and Table 11.
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Table 9. Model evaluation of Gradient Boosting

Metode Model AUC CA F1 Prec Rec MCC
Data testing & training Gradient Boosting 0.987 0.993 0.993 0.993 0.993 0.975

Cross validation Gradient Boosting 0.995 0.993 0.993 0.993 0.993 0.974

Table 10. Confusion matrix of Gradient Boosting data testing and training

Confusion matrix
Predicted class (i)

Total
Bad quality Good quality

Actual class (j)
Bad quality 556 14 570
Good quality 9 2631 2640

Total 565 2645 3210

Table 11. Confusion matrix of Gradient Boosting cross validation

Confusion matrix
Predicted class (i)

Total
Bad quality Good quality

Actual class (j)
Bad quality 229 7 236
Good quality 3 1133 1136

Total 232 1140 1372

The ROC curve on model prediction using testing data and training data shows AUC
= 0.637 indicating that the model has good performance, while the ROC curve on cross
validation shows that the gradient boosting model AUC = 0.378 indicates the model
has poor performance. The model results show that the MCC or Matthew’s correlation
coefficient (MCC) accuracy value shows the testing data is superior with a value of 0.975,
while with cross validation it is 0.974. The conclusion on both methods in determining
the performance of the Gradient Boosting model is that the cross validation method is
better and outperforms the existing matrix value compared to the training and testing
data.

4.3. Designing quality evaluation model with Random Forest. The performance
of the FFP quality evaluation model design of the Random Forest model is further il-
lustrated through Table 12. The model was assessed using a confusion matrix with six
metrics: AUC, accuracy, F1 score, precision, recall, and MCC. The development of this
model was done with testing and training data and then with cross validation using 10
times cross validation.

Table 12. Model evaluation of Random Forest

Metode Model AUC CA F1 Prec Rec MCC
Data testing & training Random Forest 0.995 0.992 0.992 0.992 0.992 0.971

Cross validation Random Forest 0.992 0.992 0.992 0.992 0.992 0.972

In accordance with Table 12, it can be concluded that the performance of the Random
Forest model with the cross validation method shows superior performance compared to
determining training data and testing data. The confusion matrix of the Random Forest
model can be seen in Table 13 and Table 14.

The ROC curve on the model using testing data and training data shows that the
random forest model has AUC = 0.500 which indicates that the model is not better than
random guesses, while the ROC curve on the model using cross validation shows that
the Random Forest model has AUC = 0.429 which indicates that the model is not better
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Table 13. Confusion matrix of Random Forest data training and testing

Confusion matrix
Predicted class (i)

Total
Bad quality Good quality

Actual class (j)
Bad quality 549 21 570
Good quality 6 2643 2649

Total 555 2664 3219

Table 14. Confusion matrix of Random Forest cross validation

Confusion matrix
Predicted class (i)

Total
Bad quality Good quality

Actual class (j)
Bad quality 226 10 236
Good quality 1 1135 1136

Total 227 1145 1372

than random guesses. The results of the Random Forest model show that the accuracy
value of Matthew’s correlation coefficient (MCC) shows that cross validation is superior
with a value of 0.972 compared to the value of testing data and training data of 0.971.
The conclusion on these two methods in determining the performance of the model is
that the method with cross validation is better and outperforms the existing matrix value
compared to the training and testing data.

4.4. Quality evaluation model design with AdaBoost. The FFP quality evaluation
AdaBoost model design performance of the AdaBoost model is further illustrated through
Table 15. The model was assessed using a confusion matrix with six metrics: AUC, accu-
racy, F1 score, precision, recall, and MCC. The development of this model was done with
testing and training data and then with cross validation using 10 times cross validation.

Table 15. Model evaluation of AdaBoost

Metode Model AUC CA F1 Prec Rec MCC
Data testing & training AdaBoost 0.986 0.992 0.992 0.992 0.992 0.971

Cross validation AdaBoost 0.986 0.993 0.993 0.993 0.993 0.974

In accordance with Table 15, it is concluded that the performance of the AdaBoost
model with the cross-validation method shows superior performance compared to using
training data and testing data. The confusion matrix of the AdaBoost model can be seen
in Table 16 and Table 17.

Table 16. Confusion matrix of AdaBoost data testing & training

Confusion matrix
Predicted class (i)

Total
Bad quality Good quality

Actual class (j)
Bad quality 556 14 570
Good quality 11 2629 2640

Total 567 2643 3210

The ROC curve on the model using testing data and training data as well as cross
validation shows that the AdaBoost model has perfect performance because it has AUC
= 1. The results of the AdaBoost model show that the accuracy value of Matthew’s
correlation coefficient (MCC) cross validation is superior with a value of 0.974 compared
to testing and training data which is 0.971. The conclusion on these two methods is that
the method with cross validation is better and outperforms the existing matrix value
compared to the training and testing data.
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Table 17. Confusion matrix of AdaBoost cross validation

Confusion matrix
Predicted class (i)

Total
Bad quality Good quality

Actual class (j)
Bad quality 230 6 236
Good quality 4 1132 1136

Total 234 1138 1372

4.5. Managerial implications and research limitations. The managerial implica-
tion of the quality evaluation model is to eliminate the conventional way of inputting
data in excel in determining the quality of fat filled powder. With the implementation
of the Decision Tree model, product quality evaluation becomes faster, automatic, and
consistent. This can reduce waiting time in the laboratory or manual checking, allowing
the company to increase production efficiency. Cost savings can also occur from reduc-
ing waste of products that do not meet standards. Figure 2 shows an illustration of the
fat filled powder (FFP) quality evaluation process using machine learning, where data
is analyzed, models are trained, predictions are made, and the results are evaluated to
determine product quality (good/bad).

Figure 2. Illustration of the implications of the quality evaluation model

The main limitation of this study is the potential changes in food industry regulations
and quality standards. As these standards evolve over time, the model may require ad-
justments to align with updated quality parameters.

5. Conclusions. Fat filled powder testing criteria consider food quality safety standards,
these criteria are fat, protein, lactose, ash, moisture, bulk density, and acidity. Machine
learning is used in designing models in determining quality, namely by comparing the
performance of determining model performance using testing and training data and by
cross validation. In this study, the results show that the cross-validation method has
superior results in terms of matrix values AUC, F1 score, accuracy, recall, precision and
MCC. By using the cross-validation method, it is found that the Decision Tree model has
superior performance compared to the AdaBoost, Gradient Boosting, and Random Forest
models. For further research potential, it can explore the use of deep learning to improve
the accuracy of fat filled powder quality evaluation and develop the implementation of
IoT-based monitoring system for real-time quality monitoring.
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