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Abstract - Industrial systems use many sensors to monitor machines and to detect possible
failures. These data are often used by machine learning models for predictive maintenance.
However, sensor data are not always clean. Some values can be missing, noisy, frozen, affected by
drift, or affected by random spikes. These problems can reduce prediction quality and can lead to
wrong maintenance decisions. This paper presents a reliability-aware Edge Al application for
industrial machine failure prediction under degraded sensor inputs. The application was developed
in Python and tested on the AI41 2020 Predictive Maintenance Dataset, which contains 10000
instances, including 9661 no-failure cases and 339 failure cases. The application includes dataset
loading, preprocessing, generation of degraded sensor inputs, model training, failure prediction,
reliability score calculation, and automatic export of results. Five machine learning models were
tested: Logistic Regression, Random Forest, Gradient Boosting, Linear Support Vector Machine, and
Multilayer Perceptron Classifier. On clean data, Gradient Boosting obtained the best F1-score, with
0.7534. Under combined degradation, its F1-score decreased to 0.3493. Random Forest was more
stable in some degraded cases, especially under random spikes and combined degradation. The
mean reliability score decreased from 99.55 for clean data to 71.45 for combined degradation. The
results show that clean-data accuracy is not enough for predictive maintenance model evaluation.
The proposed application can support early Edge Al testing by comparing models under both clean
and degraded sensor input conditions.

Keywords: Edge Al; Machine learning; Predictive maintenance; Industrial Internet of Things;
sensor degradation; Reliability score; Machine failure prediction; Python application.

1. Introduction

Industrial systems use more sensors, software tools,
and intelligent devices than before. Many machines
collect data during normal work. These data can
describe temperature, rotational speed, torque, tool
wear, vibration, pressure, or other technical values.
When these data are processed with artificial
intelligence, they can help users detect machine
problems earlier [1,2]. This is important because
maintenance should not start only after the machine
has already failed.

Predictive maintenance is based on this idea. It
uses data to estimate the condition of a machine and

to support maintenance decisions. In many modern
systems, sensor data are collected through Industrial
Internet of Things devices. The data are then
processed by software tools and machine learning
models [3,4]. Similar applied Al ideas were also used
for detecting imperfections generated by changing
3D printer parameters [5]. This shows that image
data, sensor data, and machine data can be useful
when they are connected with intelligent analysis
methods.

Industrial Internet of Things systems can
support better monitoring, but they also create
practical problems. A system must collect data,
process them, and give a useful result in a short time.
Edge and fog computing are often used because part
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of the processing can be done closer to the machine
[6,7]. This can reduce delays and can support local
decisions. Software tools for traffic monitoring and
network supervision also show that applied software
can process technical data and support local
monitoring tasks [8].

Machine learning models are often used in
predictive maintenance. Common models include
Logistic Regression, Random Forest, Support Vector
Machine, Gradient Boosting, and neural networks.
These models can learn relations between input
variables and machine failure states [9,10]. Related
signal-processing applications also show that
technical signals can be transformed into useful
outputs with intelligent software [11]. In all these
cases, the quality of the input data is very important.

A major problem is that sensor data are not
always clean. Some values can be missing. Some
values can include noise. Other values can be
blocked, delayed, or affected by sudden spikes.
Sensor drift can also appear when a sensor slowly
changes its behavior over time [12,13]. Practical
embedded systems, such as Raspberry Pi-based
applications, also show that real systems must work
with hardware limits and imperfect signals [14]. For
this reason, data quality should be checked before
the prediction is used.

Sensor degradation can affect the final result of a
machine learning model. A model can work well on
clean data, but it can become less stable when the
input data are degraded. This problem is important
in industrial environments because wrong
predictions can lead to wrong maintenance decisions
[15,16]. Real-time automation systems also show
that the system must react correctly when the input
changes during operation [17]. In predictive
maintenance, this means that the model should not
only give a class, but should also support a reliable
decision.

Many predictive maintenance studies focus
mainly on model accuracy. They compare
algorithms, tune parameters, or use more complex
models. This is useful, but it does not fully solve the
problem of degraded input data [18,19]. Previous
studies on software tools for learning and
personalization also show that application design
and processed information can influence the final
result [20]. In industrial systems, this idea becomes
even more important because the input data come
from sensors and machines.

The Al41 2020 Predictive Maintenance Dataset is
used in this paper as the experimental input. It is a
public dataset from the UCI Machine Learning
Repository. The dataset contains 10000 instances
and includes variables such as air temperature,
process temperature, rotational speed, torque, tool
wear, and machine failure [21]. The dataset is useful
because it can be used for machine failure prediction
and for testing different machine learning models.
Recent predictive maintenance studies also show

that the selected dataset, data structure, and model
type can strongly influence the final results [22,23].

Python is a good option for this type of applied
research. It can be wused for data loading,
preprocessing, model training, result export, and
figure generation. Python also supports many
machine learning libraries and can be used to create
simple applications for experimental analysis
[24,25]. Previous work on interpolation and
extrapolation methods also shows that Python-based
or software-oriented analysis can support numerical
comparison and model evaluation [26]. In the
present paper, the same practical direction is used
for industrial machine failure prediction.

The proposed application follows an Edge Al
direction. It does not try to replace a complete
industrial platform. Its purpose is to test if a
lightweight application can support machine failure
prediction and reliability checking close to the data
source. Recent studies show that Edge Al can be
useful in industrial automation, predictive
maintenance, and intelligent monitoring [27], [28].
Related robotic studies also show that local
computation and software analysis can influence the
quality of technical system behavior [29].

The main idea of this paper is different from a
simple predictive maintenance classifier. The
proposed application does not only predict if a
machine failure may appear. It also tests if the input
sensor data are reliable. For this purpose, several
degraded input cases are generated. These cases
include missing values, Gaussian noise, frozen sensor
readings, sensor drift, random spikes, and combined
degradation. This makes it possible to compare the
behavior of the models on clean data and on
degraded data.

The application also calculates a reliability score.
This score is used to show if the input data and the
final prediction can still be trusted. This is useful
because high accuracy on clean data does not always
mean that the model is stable under degraded input
conditions. Recent studies in predictive maintenance
and industrial monitoring show that practical
systems need not only accurate models, but also
reliable decision support [30], [31]. Educational
machine learning studies also show that prediction
results should be interpreted carefully when they
are used for guiding decisions [32].

The need for reliable prediction is also connected
with explainable and uncertainty-aware artificial
intelligence. Users should understand not only the
predicted class, but also the limits of that prediction
[33], [34]. This is important for edge applications
because a wrong local decision can affect the
maintenance process. Local Al tools and gesture-
based offline systems also show that practical
applications can combine local processing, Al
models, and interactive decision support [35]. In the
present paper, this idea is moved toward industrial
[oT monitoring.
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The proposed application is developed as a Python
software tool. It loads the dataset, prepares the data,
trains machine learning models, creates degraded
input cases, computes performance metrics,
calculates reliability scores, and exports numerical
and graphical results. Recent studies show that
software-oriented Al applications can support
industrial analysis and technical decision-making
[36], [37]. Previous work on obstacle-avoiding path
planning in RoboDK also shows that Python
applications can be used for practical technical
validation [38].

Lightweight classifiers are important for this
study. Edge applications should not always depend
on very large models. Simple models can be easier to
train, easier to explain, and faster to run. Predictive
maintenance studies still use common machine
learning models because they offer a good balance
between performance and simplicity [39]. Similar
comparative ideas were also used in robotic object
sorting, where lightweight classifiers were evaluated
in a Python-based application [40].

The proposed work is also related to the wider
use of Al-based analysis in technical and decision-
support systems. Industrial monitoring, robotic
applications, learning analytics, and sustainability
studies show that data-driven tools can support
ranking, classification, prediction, and practical
decisions [41], [42]. Work on educational data
governance also shows that prediction and data use
should be connected with trust and responsible
decision-making [43]. In the present paper, this
principle is applied to machine failure prediction
under degraded sensor input conditions.

The main contributions of this paper are the
following. First, a Python-based Edge Al application
is proposed for industrial machine failure prediction.
Second, the AI4l 2020 Predictive Maintenance
Dataset is used as the experimental input. Third,
several degraded sensor input cases are generated
and tested. Fourth, different machine learning
models are compared under clean and degraded data
conditions. Fifth, a reliability score is calculated in
order to support safer maintenance decisions. Sixth,
the application automatically exports numerical and
graphical results for analysis and reporting.

2. Materials and Methods

This section presents the dataset, the proposed
Python application, the machine learning models, the
degraded sensor input cases, and the evaluation
metrics. The purpose of this section is to explain the
experimental workflow in a clear and reproducible way.

2.1. Dataset Description

The experiments were carried out using the Al41
2020 Predictive Maintenance Dataset from the UCI
Machine Learning Repository. The dataset is public
and synthetic, but it was created to reproduce
predictive maintenance data that can appear in
industrial applications. It contains 10000 instances
and can be used for classification, regression, and
causal analysis tasks [21].

Each row in the dataset represents one operating
case of a machine. The original file contains
identification information, product information,
operating variables, a binary failure label, and a
failure type label. In this study, the binary target
Machine failure was used. The value 0 indicates
normal operation, while the value 1 indicates the
presence of a machine failure.

The input variables used in the application were
Type, Air temperature [K], Process temperature [K],
Rotational speed [rpm], Torque [Nm], and Tool wear
[min]. The variable Type is categorical and describes
the product quality category. The other variables are
numerical and describe machine or process
conditions. The Failure Type column was not used
for model training, because the objective of this
study was binary failure prediction and not multi-
class failure classification.

The selected variables are suitable for this study
because they can be interpreted as sensor or
machine-operation inputs. They also allow
controlled degradation to be introduced during
testing. For example, temperature, rotational speed,
torque, and tool wear can be modified with missing
values, Gaussian noise, frozen readings, drift, and
spikes. This makes the dataset useful for testing how
machine learning models react when sensor input
quality decreases.

2.2. Application Design

The proposed application was implemented in
Python as a desktop software tool with a
PySimpleGUI interface (see Figure 1). The
implementation follows a procedural and modular
programming style. The application is not organized
as a complex object-oriented system, because the
purpose was to keep the workflow simple,
reproducible, and easy to inspect. Instead, the source
code is divided into clear functions, and each
function has one main role in the analysis.

The graphical interface is separated from the
processing logic. The interface collects the user
inputs, such as the CSV file path, the output folder,
and the selected test size. The processing functions
then load the dataset, validate the columns, prepare
the data, train the models, generate degraded input
cases, compute metrics, calculate reliability scores,
and export results. This separation makes the
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application easier to modify and also reduces the
risk of mixing interface code with experimental logic.

The main script contains several functional
blocks. The first block defines the required column
names, the selected input variables, and the target
variable. The second block contains the dataset
loading and validation function. The third block

? Edge Al Reliability Application

defines preprocessing and model creation. The
fourth block generates degraded versions of the test
data. The fifth block computes data quality indicators
and reliability scores. The sixth block evaluates the
trained models and exports the results. The last
block creates the PySimpleGUI window and connects
the interface buttons with the analysis function.

= O X

Aldl CSV file: |C:sterszndrei_Loghian'ycharmF'rojectSICurrent_applicationfai:liE[]2[]_09\.'
Output folder: |C:IUSerszndrei_LoghinIF'yc:harmF'rojectsturrent_appIication

Test size: 0.25 ﬁ

Run Analysis | Open Cutput Folder

Kl

Figure 1: Application GUI

This design was selected because it fits the
purpose of an experimental Edge Al application.
The code can be run by a user without changing

the internal implementation, but the logic remains
visible and reproducible. The application also
creates automatic output files.
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Figure 2: Software diagram of the proposed application
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2.3. Application Workflow

The application starts by asking the user to select
the AI41 2020 CSV file and an output folder. The user
can also choose the test size, with available values of
20%, 25%, and 30%. After the Run Analysis button is
pressed, the application starts the full workflow and
writes execution messages in the interface log.

The first internal step is dataset validation. The
application checks if the selected file contains the
required columns: Type, Air temperature [K],
Process temperature [K], Rotational speed [rpm],
Torque [Nm], Tool wear [min], and Machine failure.
If one of these columns is missing, the application
stops and shows an error message. This prevents the
analysis from being run on a wrong input file.

After validation, the application keeps only the
variables needed for the experiment. The numeric
columns are converted to floating-point format. This
step is important because some columns in the
original dataset are stored as integer values, while
the degraded input cases introduce decimal values
through noise, drift, and spikes. Without this
conversion, the application could not safely modify
the numeric sensor values.

The dataset is then divided into training and
testing subsets by wusing a stratified split.
Stratification is used because the target variable is
imbalanced. The failure class is much smaller than
the no-failure class, and the split must keep a similar
class distribution in both subsets. The models are
trained only on the clean training data. The test
subset is used in two forms: the original clean form
and several degraded forms.

2.4. Data Preprocessing

The preprocessing stage is implemented with
scikit-learn pipelines. In this workflow, the
preprocessing transformations and the machine
learning model are Kkept together, and the
transformations learned from the training data are
applied in the same way to all test cases.

The numerical variables are processed by median
imputation and standardization. Median imputation
is used because it is simple and less affected by
extreme  values than mean imputation.
Standardization is then applied so that numerical
variables with different units and scales can be used
by the models in a consistent way.

The categorical variable Type is processed by
most-frequent imputation and one-hot encoding.
Most-frequent imputation is used in case the
categorical value is missing. One-hot encoding
transforms the product type into numerical columns
that can be used by the machine learning models.

The preprocessing is fitted only on the training
subset. The same fitted preprocessing structure is
then applied to clean and degraded test subsets. This
avoids data leakage and keeps the evaluation
procedure correct.

2.5. Machine Learning Models

Five machine learning models were included in
the application. The selected models were Logistic
Regression, Random Forest, Gradient Boosting,
Linear Support Vector Machine, and Multilayer
Perceptron Classifier. These models were selected
because they represent different families of
classifiers and can be reproduced easily with
standard Python libraries.

Logistic Regression was used as a simple linear
baseline. Random Forest and Gradient Boosting were
used as ensemble tree-based models. Linear Support
Vector Machine was used as a margin-based
classifier. Multilayer Perceptron Classifier was used
as a simple neural model. For Logistic Regression,
Random Forest, and Linear Support Vector Machine,
class balancing was used to reduce the effect of the
imbalanced target variable.

All models were trained using the same training
subset. After training, each model was tested on the
clean test data and on all degraded test data. This
made it possible to compare both the baseline
prediction performance and the stability of each
model under degraded input conditions.

2.6. Generation of Degraded Sensor Input
Cases

The degraded input cases were generated only
for the test subset. The training subset was kept
clean. This choice simulates a realistic situation
where a model is trained on normal historical data,
but later receives lower-quality sensor inputs during
use.

Seven test cases were used in the experiment.
The clean case, named SO_clean, uses the original test
data without any modification. The missing-value
case, named S1_missing 10pct, replaces 10% of the
numeric sensor values with missing values. The
Gaussian-noise case, named S2_gaussian_noise, adds
random noise to numeric variables based on the
training standard deviation. The frozen-reading case,
named S3_frozen_readings, replaces part of the
torque and rotational speed values with fixed
median  values. The drift  case, named
S4 _sensor_drift, adds progressive changes to
selected variables. The spike case, named
S5_random_spikes, introduces high-amplitude
abnormal values. The combined case, named
S6_combined_degradation, applies several
degradation types together.

These cases were not designed to reproduce one
exact industrial defect. Their role was to create
controlled and repeatable input-quality problems. In
this way, the application can show how much the
tested models are affected by different types of
sensor degradation.
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2.7. The Proposed Reliability Score

The application calculates a reliability score for
each model and each test case. The score has values
between 0 and 100. A higher score means that the
input data and the prediction are more reliable. A
lower score means that the input data are more
degraded or that model performance decreased
more strongly.

The score starts from 100 and subtracts penalties
for five elements: missing values, outliers, mean
drift, frozen readings, and F1-score drop compared
with the clean case. The general form of the score is:

Reliability_Score = 100 - missing_penalty -
outlier_penalty - drift_penalty - frozen_penalty - F1-
drop_penalty (D

The five penalty terms used in equation (1) were
calculated with fixed weights in the Python
application. They are defined as follows:

P_missing = r_missing - 100 - 1.20 (2)
P_outlier = r_outlier - 100 - 1.10 (3)
P_drift = min(d_z, 3.0) / 3.0 - 25 (4)
P_frozen =r_frozen - 100 - 0.60 (5

P_F1 =max(0, F1_clean - F1_degraded) - 100 - 0.80
(6)

where r_missing is the ratio between missing
numeric cells and all numeric cells, r_outlier is the
ratio of outlier values, d_z is the average
standardized mean shift of the degraded numeric
variables compared with the training data, r_frozen
is the average reduction in the number of unique
rounded numeric values compared with the clean
test data, F1_clean is the F1-score obtained on clean
data, and F1_degraded is the Fl-score obtained on
the degraded input case.

An outlier was defined as a value with an
absolute z-score higher than 3, computed using the
training mean and standard deviation. The final
reliability score was limited to the interval 0-100
after all penalties were subtracted.

The reliability score is not proposed as a
universal industrial safety indicator. It is an
experimental score used in this application to
compare input cases. Its purpose is to show that a
model output should not be interpreted only through

accuracy or F1-score, but also through the quality of
the input data.

2.8. Evaluation Metrics and Runtime
Measurement

The models were evaluated using accuracy,
precision, recall, and F1-score. These metrics were
calculated for each model and each input case.
Accuracy shows the general percentage of correct
predictions. Precision shows how many predicted
failure cases were correct. Recall shows how many
real failure cases were detected. F1-score combines
precision and recall into one value.

Fl-score was treated as an important metric
because the machine failure class is much smaller
than the no-failure class. In this situation, accuracy
alone can be misleading. A model can obtain high
accuracy by predicting the majority class, but it can
still miss failure cases.

The application also records runtime values.
Training time, prediction time, and prediction time
per sample are exported for each model and input
case. These values are useful for discussing whether
the tested models can be considered practical for
simple Edge Al conditions.

In order to check the robustness of the results,
the complete experiment was also repeated using
five stratified random train/test splits with different
random states. For each model and scenario, the
mean and standard deviation of the main metrics
were calculated. This additional check was used to
support the comparison between clean and
degraded input conditions.

3. Results

This section presents the results obtained with the
proposed Edge Al application. The application
generated numerical tables and graphical outputs for
the clean dataset and for the degraded sensor input
cases. The results show both the predictive
performance of the tested models and the effect of
sensor input degradation.

3.1. Dataset and Class Distribution

The Al4I 2020 Predictive Maintenance Dataset
contains 10000 instances. In the selected binary
classification task, 9661 cases belong to the no-
failure class and 339 cases belong to the failure class.
The resulting failure rate is 3.39%. The dataset
contains no missing values before the degradation
cases are generated (see Table 1).
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Table 1. Dataset summary

Item Value
Total instances 10000
No-failure cases 9661
Failure cases 339
Failure rate 3.39%
Input variables 6
Numeric input variables 5
Categorical input variables 1
Original missing values 0

The class distribution is shown in Figure 3. The
figure confirms that the dataset is highly imbalanced.
The no-failure class is much larger than the failure
class. Therefore, accuracy alone can give an
incomplete view of model performance. A model can
obtain a high accuracy by predicting the majority
class, but it may still miss many failure cases.

10000 A

8000 4

6000

4000

Number of samples

2000

oA
No failure Failure

Figure 3: Class distribution of the AI41 2020 dataset
3.2. Model Performance on Clean Data

The first experiment evaluated the models on the
clean test data. The results are shown in Table 2.
Gradient Boosting obtained the best clean-data
performance, with an accuracy of 0.9856 and an F1-
score of 0.7534. Random Forest also performed well,
with an accuracy of 0.9808 and an Fl-score of
0.7037. The MLP Classifier obtained an F1-score of
0.6433.

Logistic Regression and Linear SVM had much
lower F1-scores, although their recall values were
high. These two models detected many failure cases,
but also produced more false positive predictions.

Table 2. Model performance on clean test data
Model | Accuracy | Precision | Recall | F1-score
Gradient 0.9856 0.9016 |0.6471| 0.7534
Boosting
Random 0.9808 0.7403 |0.6706| 0.7037
Forest

MLP 0.9756 0.6395 |0.6471| 0.6433
Classifier

Logistic 0.8252 0.1393 |0.8000| 0.2373
Regression

Linear 0.8248 0.1376 |0.7882| 0.2343
SVM

The confusion matrix for the best model, Gradient
Boosting, is shown in Figure 4. The model correctly
classified 2409 no-failure cases and 55 failure cases.
It produced 6 false alarms and missed 30 failure
cases. This result shows that the model performs
well on clean data, but it also confirms that failure
detection remains difficult because the failure class
is small.

2000
No failure 2409
1500
1000
Failure
500
No failure Failure

Predicted label

Figure 4: Confusion matrix for Gradient Boosting on
clean test data

True label

3.3. Effect of Degraded Sensor Inputs on
Accuracy

The accuracy values obtained wunder all
degradation cases are shown in Figure 5. On clean
data, Gradient Boosting, Random Forest, and the
MLP Classifier obtained high accuracy values.
However, the accuracy decreased when stronger
degradation cases were applied.

For Gradient Boosting, accuracy decreased from
0.9856 in the clean case to 0.9404 in the combined
degradation case. Random Forest decreased from
0.9808 to 0.9588. The MLP Classifier decreased from
09756 to 0.9388. The strongest visible drops
appeared especially for the random spikes and
combined degradation cases.

Accuracy remained high in several cases, but this
result must be interpreted carefully. Because the no-
failure class is dominant, high accuracy does not
always mean that the model detects failures well. For
this reason, the F1-score is more useful for
understanding the behavior of the models on the
minority failure class.
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3.4. Effect of Degraded Sensor Inputs on F1- under Gaussian noise, 0.6621 under frozen readings,
Score 0.4264 under sensor drift, 0.4203 under random
spikes, and 0.3493 under combined degradation.

The F1-score values are shown in Figure 6. The Random Forest was the second-best model on
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stronger effect on Fl-score than on accuracy. This relatively stable under missing values and frozen
confirms that Fl-score is more sensitive to the readings, but it also decreased under sensor drift
quality of failure detection. and combined degradation. The MLP Classifier

Gradient Boosting had the highest F1-score on showed moderate performance on clean data and
clean data, with 0.7534. However, its F1-score was strongly affected by random spikes and
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3.5. Reliability Score Analysis

The reliability score gives an additional view of
the results. It combines input degradation indicators
with the Fl-score drop from the clean case. The
mean reliability score by scenario is shown in Figure 7.
The clean case had the highest mean reliability score,
with 99.55.

Gaussian noise and frozen readings also had high
mean reliability scores, with 96.48 and 94.81. The
missing-value case had a lower score of 82.09.
Sensor drift and random spikes produced similar
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reliability levels, with 79.86 and 79.49. The lowest
score was obtained for combined degradation, with
71.45.

These results show that the reliability score
captures the progressive loss of input quality. The
combined degradation case produced the lowest
reliability score, which is expected because it
includes several types of sensor problems at the
same time. This supports the purpose of the
application: the model output should be evaluated
together with the quality of the input data.
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Figure 7: Mean reliability score obtained for each clean and degraded sensor input scenario

3.6. Runtime Results

The full analysis was completed in 5.72 seconds.
This includes dataset loading, training of all models,
generation of degraded input cases, evaluation,
reliability score calculation, and result export.

Training time was low for all tested models.
Linear SVM and Logistic Regression were the fastest,
with training times below 0.02 seconds.

Random Forest required 0.23 seconds, Gradient
Boosting required 0.63 seconds, and the MLP
Classifier required 2.83 seconds. Prediction time per
sample was also very low for all models (see Table 3).

Table 3. Training time by model

Model Training time (s)
Linear SVM 0.0156
Logistic Regression 0.0197
Random Forest 0.2320
Gradient Boosting 0.6309
MLP Classifier 2.8281

These runtime values suggest that the tested models
are suitable for simple Edge Al experiments. The
results do not prove deployment readiness for all
industrial hardware, but they show that the
proposed application can run the complete analysis
quickly on a standard computer.

3.7. Robustness Check over Five Random
Splits

In order to check if the results depend on one
train/test split only, the complete experiment was
repeated using five stratified random splits. The
random states were 0, 1, 2, 3, and 4. For each model,
the mean and standard deviation were calculated for
the clean case and for the combined degradation
case.

The results are shown in Table 4. The same
general trend was observed in all repeated runs. The
F1-score values were higher on clean data and lower
under combined degradation.

This confirms that the degradation effect was not
caused only by one random split.
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Table 4. Robustness check over five stratified random splits

Model Clean F1-score | Combined degradation | Clean reliability S:llir::n I:)lirllii;
mean + SD F1-score mean *+ SD mean + SD

mean + SD

Gradient Boosting | 0.6856 * 0.0540 0.3934 +0.0177 99.39 + 0.12 65.12 +5.03

Linear SVM 0.2340 £ 0.0120 0.1718 + 0.0157 99.39 + 0.12 83.53 + 1.54

Logistic 0.2333 +0.0136 0.1718 + 0.0173 99.39 £ 0.12 83.57 + 1.54
Regression

MLP Classifier 0.6628 + 0.0668 0.3528 + 0.0497 99.39 + 0.12 63.69 + 3.89

Random Forest | 0.6675 +0.0326 0.4564 + 0.0454 99.39 +0.12 71.61 +4.50

The robustness check supports the results
obtained in the initial experiment. Gradient Boosting
and Random Forest remained the strongest models
on clean data. Under combined degradation, Random
Forest obtained the highest mean F1-score among
the tested models. The reliability scores also
decreased under combined degradation, which
supports the use of the proposed reliability-aware
evaluation.

4. Discussion

The proposed application supports the comparison
of machine learning models under clean and
degraded sensor input conditions. On clean data,
Gradient Boosting obtained the best F1-score.
However, the results changed when degraded input
cases were introduced. This aspect is relevant in
practice because industrial sensor data are not
always clean during real operation.

The additional five-split robustness check
confirmed the same general behavior, with lower F1-
score and reliability values under combined
degradation.

The accuracy values remained high in several
cases, but this was partly influenced by the strong
class imbalance of the dataset. Most samples belong
to the no-failure class. For this reason, accuracy
alone was not enough to evaluate the models. The
Fl-score gave a clearer view of failure detection
performance.

The degraded input cases showed that model
behavior can change strongly when sensor quality
decreases. Sensor drift, random spikes, and
combined degradation produced the largest
decreases in F1-score. This means that a model that
performs well on clean data may become less useful
when the input data are affected by realistic sensor
problems.

The reliability score added another useful layer of
analysis. It showed not only how the model
performed, but also how reliable the input and
prediction context were. The combined degradation
case had the lowest reliability score, which is
consistent with the fact that several sensor problems
were applied together. This supports the main idea
of the paper: prediction results should be
interpreted together with input data quality.

The results also show that model selection should
not be based only on clean-data performance.
Gradient Boosting was the best model on clean data,
but Random Forest was more stable in some
degraded cases. This suggests that reliability-aware
testing can help choose a model that is not only
accurate, but also more stable under imperfect input
conditions.

4.1. Practical Meaning

The proposed application can be useful as a basic
testing tool before deploying a machine learning
model in an industrial monitoring context. It can
show how a model behaves when sensor data
include missing values, noise, frozen readings, drift,
spikes, or combined degradation.

In practical terms, this means that the user can
compare models not only by accuracy, but also by
F1-score and reliability score. A high accuracy value
can hide weak failure detection when the dataset is
imbalanced.

The application can also support early Edge Al
experiments. It does not replace a complete
industrial monitoring platform, but it can help users
understand which models are more stable before
they are moved closer to real sensors or edge
devices.

4.2. Limits of this Study

This study used a synthetic dataset. The Al4l
2020 dataset is useful for controlled experiments,
but it does not include all problems that can appear
in a real factory.

The degraded input cases were also generated
artificially. They simulate common sensor problems,
but they do not reproduce one exact industrial
machine or one exact sensor fault.

Another limit is that the application was tested
on a standard computer, not on a real edge device.
The runtime values are useful for comparison, but
they do not prove that the same performance will be
obtained on all embedded or industrial edge
hardware.

The reliability score is simple and experimental.
It helps compare cases in this study, but it should not
be used as a direct industrial safety metric without
further validation.
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4.3. Future Work

Future work can test the application on real
industrial sensor data. This would show if the same
model behavior appears when the data come from
real machines.

Another direction is to run the application on real
edge hardware, such as an industrial computer,
Raspberry Pi, or other embedded device. This would
make it possible to evaluate memory use, inference
time, and practical deployment limits.

The reliability score can also be improved. Future
versions can include more detailed weights, sensor-
specific thresholds, and warning levels. The
application can also be extended with explainable Al
methods, so the user can better understand why a
prediction was made.

Finally, the application can be adapted for multi-
class failure diagnosis by using the Failure Type
column from the dataset. This would allow the
system to predict not only if a failure appears, but
also the possible type of failure.

5. Conclusions

This paper presented a reliability-aware Edge Al
application for industrial machine failure prediction
under degraded sensor inputs. The application was
developed in Python and tested on the AI41 2020
Predictive Maintenance Dataset.

Clean-data performance is not enough for
evaluating predictive maintenance models. Gradient
Boosting obtained the best F1l-score on clean data,
but model behavior changed when degraded sensor
input cases were introduced. Sensor drift, random
spikes, and combined degradation had the strongest
negative effect on F1-score.

The study also showed that accuracy must be
interpreted carefully because the dataset is highly
imbalanced. F1-score gave a clearer view of failure
detection performance. The proposed reliability
score added useful information by connecting
prediction performance with input data quality.

Overall, the proposed application can support
early testing of machine learning models for
industrial monitoring and simple Edge Al scenarios.
It helps compare models under clean and degraded
input conditions and shows when prediction results
should be interpreted with caution. Future work will
focus on real industrial sensor data, real edge
hardware testing, and improved reliability scoring
methods.
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