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ABSTRACT

Quality control of milk involves the use of established control
measures and testing methods to ensure proper adherence to
standards and regulations concerning milk and its products.
Testing ensures that dairy products meet the requirements of
standards, are acceptable in terms of nutritional content, and
adhere to safety standards regarding microbiological factors,
heavy metals, pesticide residues, veterinary drug residues, toxins,
and more. Therefore, quality checks at various stages of the milk
processing chain, from farms to processing facilities and
consumers, are crucial. The research method involved scientific
experimentation, conducted using the Extra Tree Classifier
algorithm with evolving method. The scope of the study was not
extensive, and the dataset was the Milk Quality Prediction dataset
sourced from kaggle.com. The aim of the study was to aid in
diagnosing milk quality rapidly and relatively reliably through
provided numerical data. This endeavor aims to reduce the
prevalence of low-quality milk trading, ultimately contributing to
safer and higher quality milk management for consumers.
TOM TAT

Kiém sodt chdt leong ciia sita lién quan dén viéc sir dung cdc
bién phdp kiém sodt va phwong phdp kiém tra dwoc thiét ldp dé
dam bdo tudn thi dhing cdc tiéu chudn va quy dinh lién quan dén
sita va cdc san pham ciia né. Thir nghiém dam bdo rdng cdc san
phdm sita dap iing cdc yéu cau vé tiéu chudn, c6 thé chdp nhdn
diege vé ham lwong dinh dwéng va tudn thii cac tiéu chudn an
toan lién quan dén cdc yéu té vi sinh, kim logi ning, dw hrong
thuéc triv sau, dw leong thudc thii y, dc 16,... Do dé, kiém tra
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chat lwong ¢ cdc giai doan khdc nhau ciia chudi ché bién sia, tiv
cde trang trai dén cdc co sé ché bién va nguoi tiéu dimg la rat
quan trong. Phirong phdp nghién citu niy bao gom thir nghiém
khoa hoc, duoc thuc hién bdng cach su dung thudt toan phan logi
cdy thém véi phirong phdp phdt trién. Pham vi ctia nghién ciru
khong rong va bé dir liéu duoc svr dung la bo dir liéu du dodn chat
liwong sita c6 nguon goc tir Kaggle.com. Muc dich ciia nghién ciru
la hé tro chan dodn chdt hrong sita nhanh chéng va tiong déi
ddng tin c¢dy thong qua dit liéu dwoc cung cdp. N6 luc nay nham
muc dich giam ty 1é giao dich sita chdt liwong thdp, cudi cing gop
phan vao viéc quan Iy sita an toan va chat lwong cao hon cho
nguoi tiéu dung.

1. INTRODUCTION

Milk quality is a crucial factor in milk
production to ensure the safety of dairy products
and their suitability for various purposes. To
achieve quality, hygiene requirements must be
implemented throughout the entire milk
processing chain. Currently, with the global and
specifically Vietnamese technological
advancements, the counterfeiting of essential
products has become an intricate issue. Dairy
products, including milk, are not exceptions to
this trend. Such counterfeiting can have
detrimental effects on consumer health.
Managing and assuring milk quality before it
reaches consumers' hands is an immensely
important and necessary matter, particularly in
Vietnam. Milk is an essential commodity,
especially for the elderly and children. It plays
a vital role in enhancing health and supporting
human development. Hence, if counterfeited, it
can significantly impact well-being. Therefore,
diagnosing and assessing milk quality hold
great significance.

Elwell (2006) [1] discussed the method of
using microfiltration to enhance milk quality. In
this study, various milk parameters were

highlighted as essential factors determining
quality and extending the shelf life of milk.
Marth (1981) [2],  presented  the
interconnectedness of milk production and
supply, emphasizing that ensuring high-quality
milk and its derived products requires
collaborative efforts from various stakeholders.
The process involves producers, processors,
distributors, and ultimately consumers. In
another article, Marth (1972) [3] discussed the
standards for quality testing of dairy products,
shedding light on the criteria used to evaluate
milk quality. Tuong Vi (2019) [4] presentd
stringent regulations to ensure milk quality
before it reaches consumers' hands. In VIRAC
(2017) [5], the author provided an overview of
quality and food safety management,
underscoring the importance of ensuring milk
quality during the milk processing.
Additionally, many articles about the testing
milk problem has been proposed. In Vién Kiém
Nghiém An Toan Vé Sinh Thyc Pham Qudc
Gia (2022) [6], the author discussed the
necessity of milk and dairy product testing,
outlines regulations related to such testing, and
explores the process of testing milk and dairy
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products at the National Institute for Food
Safety Testing. Many of them works with the
Al methods. Padmaja (2021) [7] utilized the
Extra Tree Classifier algorithm along with
various other algorithms. Specifically, the
article proposed the use of machine learning
classification algorithms to predict Vitamin D
Deficiency (VDD) severity. These machine
learning algorithms included Random Forest
(RF), Multi-Layer Perceptron (MLP), K-Nearest
Neighbor (KNN), Support Vector Machine
(SVM), Decision Tree (DT), Gradient Boosting
(GB), Stochastic Gradient Descent (SGD),
AdaBoost (AB), Extra Tree Classifier (ET), and
Logistic Regression (LR). The article evaluated
the output of different machine learning
classification methods to estimate the severity of
VDD in individuals. In the first two decades of
the 21st century, a series of analyses, including
Free Volatile Carboxylic Acids (FVCAs),
attempted to describe 10 different types of cheese
from Switzerland. The current work aimed to
investigate whether these 10 types of cheese can
be classified using supervised machine learning
techniques and to analyze the significance of
FVCAs features in understanding the role they
play in describing the various types of cheese.
Particularly, emphasis was placed on the SHAP
(Shapley Additive exPlanations) values. In total,
241 cheese samples were classified using various
ML algorithms with the assistance of the PyCaret
library, with at least 90% accurately classified by
two ensemble algorithms: Extra Tree and
Random Forest (Bachmann, 2023) [8].
Mujumdara (2019) [9] compared multiple
algorithms including Decision Tree, Gaussian
NB, LDA, SVC, Random Forest, ExtraTrees,
AdaBoost, Perceptron, Logistic Regression,
Gradient Boost Classifier, Bagging, and KNN

applied to the Diabetes Prediction dataset.
This dataset consists of 800 rows and 10
fields: Number of Pregnancies, Glucose
Level, Blood Pressure, Skin Thickness (mm),
Insulin, BMI, Age, JobType (Office-
work/Fieldwork/Machine-work), Outcome. The
process includes several steps: (1) import
necessary libraries, (2) load the dataset, (3) adjust
paths in the training dataset, (4) compare
accuracy, and (5) predict and determine the most
accurate model on the test data. The employed
approach can serve as a reference regarding the
operational aspects of problem-solving.
2. MATERIALS AND METHODS

During the data search process for the topic,
there were not a considerable number of
datasets related to milk quality (approximately
135 relevant datasets). However, among them,
three datasets with complete and high-quality
information stood out: First, "Milk Quality
Prediction" dataset by Rajendran (2022): This
dataset comprises 1059 rows and 7 fields,
including pH (ranging from 3 to 9.5),
Temperature (ranging from 34°C to 90°C),
Taste (with only 2 values: 0 and 1), Odor (with
only 2 values: 0 and 1), Fat (with only 2 values:
0 and 1), Turbidity (with only 2 values: 0 and
1), and Color (ranging from 240 to 255). There
is also a label field with 3 values (high, medium,
low). Second, "Milk quality" dataset by Yrohit
also consisted of 1059 rows and 7 fields similar
to the previous dataset, with similar values, and
includes a label field with 3 wvalues (high,
medium, low). Finally, "Milk Quality
Prediction" dataset by Harini (2023): This
dataset has a similar structure with 1059 rows
and 7 fields, similar to the above datasets, along
with a label field with 3 values (high, medium,
low). All these datasets are related to predicting
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milk quality. However, only one dataset meets
the requirements of the research, including
numerical data, clear classification, and
multiple fields to obtain objective results.
Among them, the "Milk Quality Prediction"
dataset by Rajendran was selected for the
research as it was updated before the other two
datasets and had been verified by the scientific
research community for accuracy.

The Milk Quality Prediction dataset by
Shrijiayan Rajendran was last updated on
02/08/2022. The normalized dataset consists of
8 features, totaling 1060 instances, including
the following parameters in the given format:
<Predicted Label> 1:<pH> 2:<Temperature>
3:<Taste> 4:<Odor> 5:<Fat> 6:<Turbidity>
7:<Colour>. These indices are derived entirely
from the data source mentioned above and have
been validated by experts in this field. Each
feature will have the following indices:

- pH: Represents the pH level, should be
entered for prediction within the range of 0 — 10,
with the lowest value being 3 and the highest
being 9.5.

- Temperature: Describes the temperature of
the milk, should be entered for prediction within
the range of 0 — 100, with the lowest value being
34 and the highest being 90.

- Taste: Indicates the taste of the milk,
should be entered for prediction as 0 (poor) or 1
(good).

- Odor: Indicates the odor of the milk, should
be entered for prediction as 0 (poor) or 1 (good).

- Fat: Represents the fat content of the milk,
should be entered for prediction as 0 (low) or 1
(high).

- Turbidity: Indicates the turbidity of the
milk, should be entered for prediction as 0 (low)
or 1 (high).

- Colour: Describes the color of the milk,
should be entered for prediction within the
range of 240 — 255, with the lowest value being
240 and the highest being 255.

The downloaded dataset can be referred to as
raw data, which cannot be directly used for this
research due to the need for extensive
transformation from various parameters to
expressed characteristics. Raw data must
undergo preprocessing before it can be applied
to the training process of the software. From this
raw data, unnecessary information such as
serial numbers and IDs will be removed. These
details are not essential for the training process
of the program. Next, the labels will be
transformed: labels like "high," representing
high milk quality, will be converted to the
number "1"; labels like "medium," representing
"average" quality, will be converted to the
number "2"; and the remaining labels, denoting
"low" quality, will be transformed into the
number "3." The remaining attributes like pH
(pH level), Temperature, Taste, Odor, Fat,
Turbidity, and Colour will be kept unchanged
as they are already in numerical form and do not
require conversion. All of these conversion
processes will be carried out entirely using
Microsoft Excel software.

After transforming the raw data into
standardized format for use in the software, the
dataset will have 7 main fields: pH,
Temperature, Taste, Odor, Fat, Turbidity, and
Colour, along with 1 label field containing the
converted values of 1 (high), 2 (medium), or 3
(low), and a total of 1,060 rows. The dataset
must be saved in a file with the ".csv" extension.
Each data point should be entered in a single
cell, and the parameters as well as the label must
be separated by a comma ",". As per the
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system's requirement, the data's parameters
should be placed before the label, and the label
should be placed at the end. The data will be
split into training and testing sets with a ratio of
70% and 30% respectively. After splitting the
data, it will be saved to the computer. Next, the
dataset will be split into batches for running the
algorithms. The batch size will be set to 70% *
n or 70% * n/2 with a 70% train/test ratio, where
n represents the total number of data points.

Currently, fundamental databases are facing
a significant challenge: their ability to adapt to
the evolving nature of data over time. This issue
arises because classical algorithms, on which
current databases are often trained, can only
undergo training once and need to be retrained
from scratch when data changes occur. For
instance, when a database is trained to create a
model, with the arrival of new data, the database
must start anew to generate a new model
capable of accurate predictions. However, in
modern data environments, data changes
continuously over time, necessitating the ability
to adapt rapidly to these changes.

The essence of "Concept Drift" involves the
evolution and adaptation of models in response
to changing environments. In non-stationary
settings, the sliding window approach becomes
pivotal, ensuring that models stay updated
while handling variations effectively. This is
especially important in domains where changes
can happen rapidly or unpredictably, requiring
agile methodologies to adapt and maintain
performance over time.

The term "Concept Drift" has been widely
used in many real-problem with the food
testing. Indeed, the concept of drift forms the
basis for both gradual and continuous changes
and the "forgetting" of previous situations.

However, challenges in non-stationary
environments arise from the fact that
circumstances can change rapidly or slowly, be
forgotten, and even instances where knowledge
reappears after it has disappeared. In such
complex cases, the situation of "dual dilemmas"
regarding stability or adaptation holds true. It's
important to note that these approaches are not
universally "incremental approaches”. In the
fields, three types of proposed methods are
listed as solutions to this issue:

Sliding Window Approach: Considering the
evolution of concepts in non-stationary
environments can be accomplished by utilizing
a "sliding window" method, such as the FLORA
approach. This principle involves updating the
model at each time point using the most recent
training data, defined by a window of time or a
number of data instances. This approach can
perform re-classification within a "group" type
(on data selected by the temporal window) or
update models if online learning methods allow.
In this case, the "forgetting" (as mentioned
carlier) is automatically managed by this
learning method. This method generally
involves three steps: 1) detecting concept
changes by using statistical tests on different
windows; 2) if an observed change occurs,
selecting representative and recent data to
adjust models; 3) updating models. The window
size is predetermined by the user. The key point
of these methods is to determine the window
size. Most methods employ a fixed-size
window that is configured for each practical
scenario.

Dataset Temporariness: The dataset is
considered temporary due to the emergence of
many new standards, resulting in increased
diversity that may lead to future changes in the
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dataset's classification. Consequently, this
dataset can be classified as belonging to an
unstable environment. Therefore, traditional
machine learning algorithms used in static
environments cannot be applied because
conventional methods do not allow data
augmentation. Instead, advanced algorithms
capable of handling data in dynamic
environments must be employed.

To address this issue, the concept of
continuous learning in non-stable environments
has been proposed as an alternative solution.
Continuous learning allows databases to learn
from data continuously in changing data
environments, facilitating the update and
adjustment of their predictive models. This
enables databases to adapt to data changes and
enhance the accuracy of their predictive models.
Based on these characteristics and drawing
from the history of research on various
methods, the upcoming problem will utilize the
sliding window approach. The sliding window
method is the most suitable in this case, and it
will be combined with the Extra Tree Classifier
algorithm.

This approach enables databases to
continuously adapt and update their models as
new data arrives, ensuring that the predictive
models remain accurate and relevant even as the
data environment changes. This is particularly
important in scenarios where data shifts are
frequent and unpredictable, making it crucial
for databases to maintain their performance and
adaptability over time.

3. RESULTS AND DISCUSSION

The Sliding Windows approach, is a method
commonly used to address the issue of concept
drift in non-stationary environments. The key
idea is to adapt the model continuously to the

changing nature of the data over time. This
method is often applied using techniques like
FLORA. The principle involves updating the
model at each time step using the most recent
training data within a defined time window or a
certain number of data points. This approach
can involve reclassifying the "group" (based on
the temporarily selected data) or updating the
model if online learning techniques are
applicable. In this case, the process of
"forgetting" (as mentioned above) is managed
automatically through this learning method.
The Sliding Windows approach typically
includes three main steps:

- Detecting Concept Changes: This is done by
employing statistical tests on different sliding
windows to identify changes in the concept.

- Adapting to Changes: If a concept change
is detected, representative and recent data
points are selected to adjust the models
accordingly.

- Updating Models: The models are then
updated based on the chosen data points to
account for the concept drift.

The size of the sliding window is determined
by the user and is a key parameter of these
methods. Most approaches use a fixed-size
window that is configured according to the
specific characteristics of the real-world
problem. The Sliding Windows approach is
effective in capturing changes in the underlying
data distribution and allows the model to adapt
to these changes over time. This is particularly
valuable in scenarios where the data is not
stationary and concepts evolve. The ability to
dynamically adjust the model's parameters and
structure based on the most recent data helps
maintain the model's relevance and predictive
accuracy in a changing environment.
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All achieved results will be based on
Balanced Accuracy, which is a measure that can
be used when evaluating the performance of a
binary classifier. It is particularly useful when
classes are imbalanced, meaning one class
appears much more frequently than the other.
Using Balanced Accuracy is much more
complex than traditional accuracy. Regular
Accuracy simply calculates the percentage of
correctly classified data points based on the
total available data. While this initially works
well, when data is heavily skewed, the
accuracy's reliability diminishes. To address
this, a calculation method was devised based on
true negative and true positive rates, which can
compute true negative rate, true positive rate,
false negative rate, and false positive rate. After
obtaining these values, the Balanced Accuracy
formula can be used to compute the most
accurate and optimized percentage. The
formula for Balanced Accuracy used in these
experiments is as follows:

- First need to consult the matrix table:
Absolutely, referencing a confusion matrix is a
crucial step when evaluating classification
results. A confusion matrix provides a clear
overview of the performance of a classification
algorithm by displaying the true positive, true

negative, false positive, and false negative
counts for each class. It's a helpful tool to
understand how well your model is performing,
especially in situations where classes might be
imbalanced.

- Must have:

TPR (true positive rate) = TP/(TP+FN)

TNR (true negative rate) = TN/(TN+FP)

- After obtaining the above two parameters,
Balanced Accuracy is calculated using the
formula:

Balance Accuracy = (TPR+TNR)/2

Based on the data presented in the chart, we
can observe the following average ratios and the
final step of the Extra Tree Classifier algorithm:

The performance of the Extra Tree Classifier
appears to be quite stable, with an average ratio
across all steps reaching 60%, specifically
70.12%. The average accuracy rate of the final
step also reaches 75%. This indicates that the
Extra Tree Classifier is capable of making
reasonably accurate predictions in various
scenarios, with relatively good accuracy.
Therefore, the Extra Tree Classifier algorithm
seems suitable for addressing the milk quality
prediction problem, as it demonstrates the ability
to provide fairly accurate predictions with a
relatively high level of accuracy (Figure 2).
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The graph compares the average percentage and the last step of the
algorithm

Trung binh

0.67 0.68 0.69 0.7 0.71 0.72 0.73 0.74 0.75 0.76

Figure 1. The graph compares the average percentage and the last step of the algorithm
(Extra Tree Classifier)

Sure, you can compare the performance of clearer and more comprehensive view of its
the Extra Tree Classifier algorithm in more performance. This chart can help you evaluate
detail by analyzing the accuracy progression for the algorithm's behavior and effectiveness
each step. The accuracy progression chart of the throughout its execution.

Extra Tree Classifier algorithm provides a

The graph shows the exact progress of the Extra Tree Classifier algorithm

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0
Tl T X O N T 0NN T OO NTONONTONONTOXONT O ®O N
I HA A A AN AN AN AN ANOOONDDN S ST DD DN N OO OO ONN
Figure 2. The graph shows the exact progress of the Extra Tree Classifier algorithm
Based on your description of the accuracy a relatively low accuracy of 37% but gradually
progression chart for the Extra Tree Classifier improves its stability. The most noticeable
algorithm, it seems that the algorithm starts with improvement occurs from step 1 to step 20. In
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the beginning, the algorithm's average accuracy
is only 31%, but by step 20, it increases to 70%,
and then reaches a stable level. The accuracy of
the Extra Tree Classifier seems to show
relatively stable fluctuations ranging from 60%
to a peak of 76.22%. The highest accuracy is
achieved at step 219, with a rate of 76.86%.
This is a substantial value that can be compared
favorably to many other algorithms. Other steps

with high average accuracy include step 172
(76.21%), step 270 (75.67%), step 318 (75.3%),
step 431 (76.18%), and step 555 (76.12%).
Furthermore, you mention that the most
significant growth in accuracy occurs between
steps 421 and 431. This information provides
valuable insights into how the algorithm
performs and where its strengths lie.

The highest stage of the Extra Tree Classifier algorithm

0.78

0.76

0.74

0.72

0.7

0.68

0.66
420 422 424

428 430 432

Figure 3. The highest stage of the Extra Tree Classifier algorithm (Batch 421-431)

Observing the chart, it is evident that there is
stability and gradual improvement in the
accuracy progression of the Extra Tree
Classifier algorithm. The accuracy consistently
reaches above 60% by the step with the highest
rate. This level of stability is quite satisfactory

compared to other algorithms. Despite
occasional periods of less favorable results
during data processing, the Extra Tree
Classifier consistently stabilizes relatively
quickly, as depicted in the chart below:

The lowest drop of Extra Tree Classifier

0.75
0.7
0.65
0.6

0.55
34 35 36 37 38

40 41 42 43 44

Figure 4. The lowest drop of Extra Tree Classifier (Batch 34 -44)
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At step 40, the Extra Tree Classifier achieves
its lowest accuracy rate of 63.11%. However, by
step 44, the algorithm quickly regains stability
with an accuracy of 72.2%, and it gradually
stabilizes in the subsequent steps. Although this
period represents the lowest accuracy phase for
the Extra Tree Classifier, the accuracy remains
above 60%, indicating a reasonably stable phase.
The discrepancies in accuracy values are not too
large during this phase. For example, in the range
from step 35 (65.96%) to step 39 (65.4%), there
is a slight drop in accuracy from step 34
(73.47%) to step 35 (65.96%), followed by
stability from step 35 to step 38 (69.13%), a deep
decrease to 63.11% at step 40, and then an
increase back to 72.2% at step 44.

From the comparative charts, it can be
observed that the Extra Tree Classifier algorithm
demonstrates relatively good stability with
limited fluctuations in the average accuracy rates
across steps. The accuracy of the algorithm is
also notably high, ranging from 60% to 80%.
However, it's important to note that each
algorithm has its own strengths and weaknesses.
Choosing an appropriate algorithm depends on
the specific requirements of the problem and the
characteristics of the dataset at hand.

Application installation:

Based on the final results presented earlier,
the Extra Tree Classifier algorithm will be
chosen as the method to address the issue of
milk quality diagnosis in the application. The
system has been completed and meets all the
initial requirements, and it is divided into
distinct sections to serve both regular users and
developers. Regular users will have an interface
to perform milk quality diagnosis. On the other
hand, developers will have more interface pages
to work with and develop within the system.
These interface pages include the login page,
data training page, diagnostic function testing
page, model list display page, and settings page.
The system has a high practical applicability,
especially in the context of increasing milk
consumption in Vietnam. Over time,
regulations regarding milk quality may change
due to various objective reasons. Therefore, the
dataset will also undergo significant changes.
With the Extra Tree Classifier algorithm, the
system is capable of effectively addressing and
adapting to these changes.

User

APP

Admin

Diagnose
Diagnose
Training o _Configuring
aming parameters
Model list
management
List Model
Download the
Model file
i Upload the Model
Setting file to the app

Figure 5. Use case diagram of the system
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The section for predictors:

Trang chu

pH v temprature v taste
fat v turbidity v colour

Bét d4u dy doan

@App chuan doan chat ludng sifa

Figure 6. Main interface of Milk Quality Diagnostic system

The main interface of the app is where users
can perform the diagnosis. Users need to input
complete information into various input fields.
The required information includes the 7
attributes of milk quality: pH level,
temperature, taste, turbidity, fat content, odor,
and color. After providing these inputs, users
can press the "Start Prediction" button to
receive the prediction results.

In this project, the system has been packaged
as a .ZIP file named "ChanDoanSua-main.zip".
After users download and extract it, they will
find a folder named "BaoCaoThucTap". Inside
this folder, there are files to run the program.
Below are the installation instructions:

The system requires a computer that is
always connected to the internet and meets the
minimum configuration: Windows 10, 2GB
RAM, and 10GB hard drive space. To run the
software, follow these steps:

- Go to the "SETUP" folder and install
Python. The version used is Python 3.9.9
(python-3.9.9-amd64.exe).

- Install the required libraries by running the
file "CaiThuVien.bat".

- Run the "RunServer.bat" file to start the
program.

- Open a web browser and navigate to the
address 'http://127.0.0.1:8000/".

- The program will run on the default port:
"http://127.0.0.1:8000/".

The program can also be deployed on a web
platform. This is the default installation process.
4. CONCLUSION

The project has achieved several significant
outcomes. Firstly, it involved a comprehensive
study of milk quality trends both globally and in
Vietnam, providing insights into the crucial role
of quality assessment. The project successfully
managed the database, selecting and
transforming it to meet the project's specific
needs. Additionally, the project delved into the
workings and practicality of the Extra Tree
Classifier algorithm, effectively utilizing it to
address the problem at hand. An essential aspect
of the project was the meticulous comparison of
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algorithm  stability, resulting in the
identification of the most suitable approach.
This culminated in the development of a
diagnostic application featuring an intuitive and
user-friendly interface. Looking ahead, the
project envisions further enhancements. This
includes refining the user interface for better
aesthetics and usability, expanding the
application's capability to diagnose diverse
datasets from various domains beyond milk
quality, and refining the algorithm for
heightened accuracy. The project's context is
rooted in the Vietnamese milk market,
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