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ABSTRACT

This paper proposes a novel methodology for enhancing
multi-class classification accuracy in fault diagnosis
problems among domains with highly-connected fleets of
assets using time series data. The approach involves
appending specially tailored models to an initial model and
incorporating domain adaptation techniques to account for
domain variations. The methodology is demonstrated
through a case study on fault diagnosis of a fleet of hydraulic
rock drills, which presents challenges due to variations in
sensor data between different fault classes and individual
machines. Results show significant improvements in
classification accuracy, both in validation and testing, upon

employing ensemble models and applying domain adaptation.

While the study is limited to one case study, it lays the
groundwork for exploring the applicability of the proposed
methodology in other contexts.

1. INTRODUCTION

In the operation of complex mechanical systems, addressing
multi-class classification problems poses a significant
challenge. The need to differentiate between various fault
classes and account for data variability across different
domains, such as individual machines and entire fleets, calls
for a robust and adaptable methodology. Consequently,
researchers and engineers are motivated to develop and apply
innovative strategies to tackle these issues in a practical and
efficient manner.

Takanobu Minami et al. This is an open-access article distributed under
the terms of the Creative Commons Attribution 3.0 United States License,
which permits unrestricted use, distribution, and reproduction in any
medium, provided the original author and source are credited.

Numerous studies have endeavored to address the multi-class
classification problem in fault diagnosis for complex
mechanical systems. Deep learning (DL) has emerged as a
major trend in this field. For instance, Duan, Xie, Wang, and
Bai (2018) reviewed the effectiveness of DL models, such
as convolutional neural network (CNN), Deep Belief
Network (DBN), or autoencoder (AE), in handling multi-
class fault diagnosis of machinery problems compared to
conventional  machine learning (ML) techniques.
Furthermore, researchers are working on improving DL
performance through ensemble methods. Chen, Gryllias, and
Li (2019), for example, integrate  CNN with Extreme
Learning Machine (ELM) and demonstrate outstanding
performance both on a gearbox and a motor bearing
classification problem. Ma and Chu (2019) utilized an
ensemble learning method with that integrated multiple
classifiers and demonstrated superior performance on rotor-
bearing fault diagnosis

Despite these advancements, several limitations persist in the
aforementioned methodologies. DL methods require more
labeled data per class, risk overfitting, and are
computationally expensive. Ensemble learning, on the other
hand, may result in less interpretable models and increased
computational complexity. A method that balances these
drawbacks and benefits is needed.

In this study, we propose a novel methodology that addresses
the drawbacks mentioned above by combining the strengths
of existing approaches while mitigating their limitations. We
focus on classes with low accuracy in the conventional ML
model and adapt DL techniques to them. This strategy
improves the data-intensive, overfitting risk, and
computationally expensive aspects of DL. Furthermore, the
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DL model handles a small part of the problem, minimizing
the deterioration of the model's interpretability. Additionally,
by incorporating domain adaptation (DA) in DL models, our
methodology effectively accounts for individual differences
and ensures the generalization of the model. Our approach
integrates ensemble learning, DA, and DL for binary
classification, which simplifies the problem and potentially
increases accuracy.

2. METHODOLOGY

This paper proposes a methodology, depicted in Figure 1, that
aims to improve the precision of conventional ML models for
multi-class classification problems with diverse data sources.
In this method, the baseline model, the initial model, is built
with conventional ML methods, and then sub-models that
utilize DL are added. Specifically, the sub-models focus
solely on binary-class classification for target classes in
which the baseline model performs poorly, while the baseline
model handles the entire multi-class classification.
Furthermore, DA techniques are employed to bridge
discrepancies among different domains in datasets, utilizing
healthy class samples available in all domains. The next
section provides a detailed explanation of this methodology.
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Figure 1 Proposed Methodology

2.1. Problem statement

This paper addresses a challenging semi-supervised multi-
class and multi-domain fault diagnosis problem based on
time series data. The problem is given as a training dataset
With 7gyqpr, labeled samples {(x{rain,yfrain, gfrain)}* e ang
a testing dataset with n,,, labeled samples in which only a
part of healthy class data are labeled {(x}est, yfest, diest)}rtest
,where x , yand d stand for data samples, associated labels,
and domains to which data belong, respectively. The training
and testing data are potentially sourced from different
domains, such as machines or working conditions, making
classification challenging.

2.2. Baseline Modeling with Conventional DL

The baseline model, often employed in research papers for
comparison, refers to a model built using well-established
traditional machine learning methods. It is constructed
through a process that includes feature extraction, feature
selection, and the application of machine learning libraries.
Steps include transforming raw data into features, eliminating
low-importance features using the recursive feature
elimination method (Guyon, Weston, Barmhill, and Vapnik,
2002), building models with popular algorithms like
XGBoost (Chen & Guestrin, 2016) and Support Vector
Machine (SVM), and selecting the best model based on
performance evaluation. Feature engineering includes time-
domain statistical features, frequency-domain features, and
Dynamic Time Warping (DTW) for time-series data analysis
(Berndt & Clifford, 1994). After feature extraction, a feature
selection process is conducted to find the best feature subset.
Modeling algorithms are compared, and the best one is
selected based on a scoring metric.

2.3. Ensemble Modeling with Domain Adaptation

The proposed methodology enhances the baseline model by
constructing specialized sub-models for underperforming
classifications. This approach simplifies the problem and
potentially boosts accuracy by creating binary classification
sub-models for target classes identified through cross-
validation. These sub-models use raw data as input and apply
domain adaptation techniques to address individual
differences. The process continues until all sub-models for
target classes are built, with predictions updated using an
ensemble rule.

The first step in our ensemble approach is to find classes that
need to be improved, classes for which the baseline model
performs poorly. Target classes for sub-models are
determined from the results of the cross-validation of the
baseline. The following algorithm selects these targets.

Algorithm 1: Target Classes

INPUT Sum of all confusion matrix of validation; Conf (X.,y)
Number of Classes; N¢, Threshold value; « min
1 For i from 1 to Nc do:
> j = argmax Conf(j, i)
LI+t
3 Dataframe[X1(i)] = min(i,j)
4 Dataframe[X2(1)] = max(i,))
5 Dataframe| « (i)] = Conf{(j.i)
6 Dataframe[C(1)] =1
7 For i from 1 to Ne-1 do:
8 For j from i+1 to Nc do:
9 If (X1(1) = X1(j) and X2(i) = X2(j)) then:
10 a()=a@+ aQ)
11 Delete row j from Dataframe
12 Add j to C(1)
13 Sort Dataframe in descending order with respect to «
14 Reset index as No. of sub-models
15 For i from 1 to Ne do:
16 In Dataframe, if « (i) < « min then delete row i
17 END
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Here, the pair of two classes (X1;,X2;)are the target
classes, and sub-models will be built for them. «; indicates
the upper limit of accuracy that can be improved by the sub-
model for (X1;,X2;). A pair of two target classes with high
a has a high possibility of improving accuracy, while a sub-
model with a low a has a low chance of improving accuracy.
Therefore, in this proposed methodology, a lower limit i,
is set, and sub-models below this limit (models with a low
possibility for improvement) are eliminated from the
candidates. This threshold will save computational resources
as well as time to tune the sub-models, making our method
efficient.

Once the target classes are calculated, then related sub-
models are created. Figure 2 shows the structure of a sub-
model: the sub-model inputs both raw training data and
testing data into the feature extractor. Extracted features are
inputted into the classifier, which then outputs the predictions
for each data. A classification loss is calculated using the
predictions from training data of target classes. The
classification loss is a measure of how far away from the true
labels the predicted labels are, with smaller values indicating
more accurate predictions.
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Figure 2 Structure of sub-models

Domain adaptation techniques are also used to account for
differences between domains. This involves minimizing
classification loss, such as cross-entropy loss, commonly
used as a loss function in multi-class classification, and
discrepancy loss, such as maximum mean discrepancy
(MMD) (Gretton, Borgwardt, Rasch, Scholkopf, and Smola,
2012), to extract domain-independent features. The total loss
is calculated by combining these two losses, enabling the
classifier to effectively handle data from different domains.

Once a sub-model is built, the prediction from the model is
obtained, and then the new prediction is given by the
ensemble with the old prediction. This updated prediction is
evaluated, and if the accuracy improves, then the next sub-
model is created.

3. CASE STUDY: FAULT DIAGNOSIS OF ROCK DRILLS

3.1. Data Description and Problem Statement

The proposed methodology is validated by solving a multi-
class classification problem, specifically the fault diagnosis
of multiple rock drills using data from PHM North America
Data Challenge 2022 (PHM Society, 2022). The dataset
provided for this data challenge consists of six individual
drills, which can be considered as different domains, with
eleven distinct operating conditions, including one no-fault
and ten different faulty conditions.

This case study aims to diagnose faults in unknown drills
using data from known ones, but the challenge is that there
are variations in sensor data between both different fault
classes and domains. Pressure oscillation patterns differ more
significantly among drills in the same fault class than among
different fault classes in the same individual. As a reference,
some of no-fault data are available among the unknown drill,
and the model is expected to learn the differences between
drills using this data

3.2. Modeling

As the first procedure of modeling, pressure signals are
divided into two working condition regimes based on
pressure surge, and then features are extracted from both of
these, statistical features, frequency domain features with
FFT, and wavelet analysis. Also, the DTW technique has
been used (Jakobsson, Krysander, and Pettersson, 2022)

Raw Data Signal from Three sensors in Exp : 1

Pressure

o 100 200 300 400 500 600 700
Time (ms)

Figure 3 Raw signal split for feature extraction

SVM, Random Forest, and XGBoost algorithms are selected
as baseline models, and the best one is chosen. CNN is
utilized as a feature extractor and classifier for sub-models.
Table 1 displays the network structure, which consists of two
convolutional layers.

Table 1 Network Architecture

Module Layer Operator and Parameters
Feature Conv 1 filter:30, kernel:5, strid:1, RelLu
Extractor | Conv 2 filter:30, kernel:5, strid:1, RelLu
MaxPool 2x2
ing

Flatten -

FC1 Note: 128, Rel.u
Classifier FC2 Note: Number of Classes
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3.3. Evaluation Metric

The data from one of the six drills are used as test data, while
the remaining five are used as training data. The model is
evaluated using 5-fold cross-validation on the training data,
and the average accuracy is calculated to compare
performance. The accuracy of the test data is also compared.

4. RESULTS AND DISCUSSION

4.1. Features and Model Selection

The best features are selected based on backward feature
elimination with feature importance given by XGBoost.
Table 2 presents the final list of sixteen features. Then, model
selection has proceeded. Table 3 displays the results from
three algorithms. The XGBoost classifier is selected as the
baseline model, as it exhibits the best validation accuracy.

Table 2 Best selected features

Rank | Sensor | Feature Types of features
1 Pin DTW: Peak to Peak of 8 (Xyp Xsampie ) DTW
2 Pin Median of the magnitude of the FFT Frequency domain
3 Pdmp | Percentage energy of the 16™ wavelet node Wavelet
4 Pin DTW: Average distance pg,,,, for the class 1 | DTW
5 Pin Minimum of the sample Time domain
6 Po Median of the sample Time domain
7 Po DTW: Average distance p,, for the class 2 DTW
8 Pdmp | DTW: Average distance p, for the class 6 | DTW
9 Pdmp | Maximum of the sample Time domain
10 Pin Maximum of the sample Time domain
11 Pin Maximum of the magnitude of the FFT Frequency domain
12 Pdmp | RMS of the second half of the signal Time domain
13 Po Maximum of the magnitude of the FFT | Frequency domain
14 Pdmp | Minimum of the sample Time domain
15 Po Percentage energy of the 1% wavelet node Wavelet
16 Po DTW: Average distance pg,y,, for the class 8 | DTW
Table 3 Conventional ML accuracies
Feature set SVM | Random | XGBoost
Forest
All 0.824 0.868 0.900
Best 0.901 0.920 0.923

4.2. Model Performance

Figure 4 shows the detailed results of all validations by the
baseline model. Five subfigures show the confusion matrices
and the elements, the amount of data. Overall, the accuracies
are a minimum of 0.867 and a maximum of 0.958.

Here some mislabeled patterns can be observed. One primary
mislabel pattern is that the data with true label 8 is predicted
as label 7. There are 47 to 355 mislabels in validations.
Similarly, the data with true label 7 predicted as label 8 is also
an obvious mislabel pattern. From 19 to 394 mislabels exist
in the validations. Thus, it is possible to improve the overall
performance by reducing these errors.

To determine the target class for sub-models, the impact of
reducing these errors is assessed. Fig. 5 shows how the targets
are determined by the algorithm 1. Firstly, confusion

matrixes from all validations are summed up, and then each
element of the matrix is divided by the total number of data
(Fig. 5(a)). Maximum elements are selected from each
column which we can see as red bold outside borders. These
percentages indicate how much the prediction accuracy
improved if the mislabels completely solved. For instance, if
one overcomes the mislabels that data with true label 7
predicted as label 8, the accuracy would be improved by 2.1
%. Secondly, based on these percentages, the target classes
of the sub-models are determined. Here, we set a,,;,= 1%
,and then two pairs of target classes (7,8) and (1,5) are
selected (Fig. 5(b))

True Label

34 567 89101 23456789101

1 2

Predicted Label
Accuracy = 0.921
(a) Validation 1

Accuracy = 0.936
(b) Validation 2

Accuracy = 0.958
(c) Validation 3

True Label

1234567 809100n 12345
Predicted Label
Accuracy = 0.933
(d) Validation 4

678 9101

Accuracy = 0.867
(e) Validation 5

Figure 4 Validation Results of Baseline Model

(a) Confusion Matrix (Average of Five Validations)

Predicted labels
1 2 3 4 5 6 7 8 9 10 11
1 S 0.0%)| 0.1%| 0.0%| 1.0%| 0.1%] 0.0%)| 0.0%| 0.0%]| 0.0%| 0.0%
2 0.0% [SREEZY  0.0%)| 0.0%| 0.0%)| 0.0%| 0.0%| 0.0%| 0.0%]| 0.0%| 0.0%
3 0.0%| 0.0% | :B2ZY 0.0%| 0.0%] 0.0%| 0.0%]| 0.0%| 0.1%| 0.0% 0.0%
4 0.0%)| 0.0%| 0.1% R 0.0%| 0.0%| 0.0%| 0.0%| 0.0%| 0.0%| 0.0%
%: s 0.6%)| 0.0%| 0.0%)| 0.0% [ EE2) 0.0%| 0.0%| 0.0%| 0.0%]| 0.0%| 0.0%
v 6 0.0%)| 0.0%| 0.0%]| 0.0%| 0.0% | EEEZ 0.0%| 0.0%| 0.0%| 0.0%]| 0.0%
E 7 0.0%)| 0.0%| 0.0%]| 0.0%| 0.0%]| 0.0% 2 2.1%] 0.0%| 0.0%| 0.0%
8 0.0%| 0.0%| 0.1%| 0.0%| 0.0%]| 0.0%| 2.0%pE$a] 0.0%| 0.2%| 0.1%
9 0.0%| 0.0%| 0.0%] 0.0%| 0.0%] 0.0%| 0.0%]| 0.0%REA 0.0%| 0.0%)
10 | 0.0%| 0.0%] 0.0%| 0.0%]| 0.0%| 0.0%)| 0.0%| 0.1%| 0.0% 20 0.0%
11 0.0%| 0.0%)]| 0.0%)| 0.0%| 0.0%)| 0.0%)| 0.0%| 0.0%| 0.0%| 0.0% FEtr
(b) Selection of Sub-models v
Sub-model No. j 1 2 3 4 5 6 7 8 9
Target Classes X1j 7 1 8 1 3 8 3 1 1
X2j 8 5 10 6 9 11 4 4 2
Max. improve o 4.1% [ 1.6% | 0.2% | 0.1% [ 0.1% | 0.1% | 0.1% | 0.0% | 0.0%
Target labels Cj 7.8 1.5 10 4 9 11 3 4 2

Figure 5 Process of Selecting Target Classes

Table 4 provides an example of how the sub-models reduce
the number of mislabels, illustrating the results from
validation 4. It demonstrates that predictions with the
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addition of sub-model 1 yield fewer mislabels compared to
using only the baseline model. Likewise, incorporating sub-
model 2 leads to the correct classification of mislabels
between classes 1 and 5, futher enhancing overall accuracy.

Table 5 presents the comprehensive results of both
validations and testing. The inclusion of sub-models
increases all accuracy metrics. Consequently, the model
developed using the proposed methodology performed
superior performance. This result validated the effectiveness
of our methodology.

Table 4 Mislabels reduced by adding sub-models

True | Predicted | Baseline | Add Sub- | Add Sub
Label Label model model 1 | model 1,2
‘7 ‘8’ 394 N O 0
‘@ T 85 T/ 8 8
‘1 ‘5 8 8 AN O
‘5’ ‘v 32 32 TV o0

Table 5 Accuracy of validation and testing
(Average accuracy = Standard deviation)

Model Validation Test

Accuracy Accuracy
1 | Baseline model 0.923+0.034 0.932
2 | Base+Sub-model 1 0.947£0.046 0.992
3 | Base+Sub-model 1,2 | 0.959+0.038 0.993

4.3. Discussion

The proposed methodology incorporates DA to enhance
prediction accuracy while considering individual differences.
A study is conducted to evaluate the effectiveness of this
approach. Table 6 presents a comparison between utilizing
DA in the sub-models and not using it. The accuracies with
DA are equal to or better than those without it at any level.
This finding implies that DA effectively mitigates bias
between training and testing data, resulting in a more
generalized model. Based on these outcomes, we conclude
that DA is effective for addressing the problem addressed in
this paper.

Table 6 Sub-models with/without DA

No Model DA Validation Test
1 | Baseline model — | 0.923+0.034 | 0.932
2 | Base + Sub- Yes | 0.959+0.038 | 0.993
3 | model 1,2 No | 0.940+0.059 | 0.993

A limitation for this study is that the proposed methodology
was tested solely on a hydraulic rock drill system, leaving its
effectiveness on other machine systems uncertain. Further
research is necessary to evaluate the performance of the
proposed methodology in other scenarios.  Furthermore,
this case study employs a simple CNN as the algorithm for
the sub-models, though more advanced deep learning

architectures might offer improved performance. Developing
an efficient process for building and selecting appropriate
deep learning algorithms could potentially yield even higher
accuracy.

5. CONCLUSION

In conclusion, this paper proposed a practical methodology
for achieving elevated precision in a multi-class classification
problem by appending DL based sub-models to a
conventional ML based baseline model and incorporating
DA techniques. The approach was validated through a case
study on the fault diagnosis of rock drills, where the dataset
included variations in sensor data between different fault
classes and different domains. Overall, the proposed
methodology offers a practical solution for improving
classification accuracy in semi-supervised multi-class fault
diagnosis problems based on time series data.
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