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Abstract

This article presents a detailed and systematic procedure for performing fault diagnosis in an air
compressor (AC) system by analyzing the audio signals generated during its operation. The analysis
covers both normal (healthy) conditions and seven distinct types of faults, including bearing failure,
flywheel malfunction, inlet valve leakage, outlet valve leakage, non-return valve failure, piston ring
defect, and rider belt issues. To acquire the acoustic signals, the researchers utilized a unidirectional
microphone in combination with National Instruments hardware, specifically the NI 9234 data
acquisition device and the NI 9172 USB interface. These tools ensured accurate and high-quality
audio signal collection from the AC system under various operating conditions. Once the audio data
were collected, they were subjected to a sophisticated, non-traditional signal processing method
known as Local Mean Decomposition (LMD). This technique is especially effective for handling non-
linear and non-stationary signals commonly found in mechanical systems. Following decomposition,
six key statistical indicators (Sls) were computed to extract distinguishing fault features. These
indicators included the mean of signals (Ms), variance (o°ys), mean of the root square (Mgs), mean of
the root amplitude (Mgry), mean of the absolute amplitude (M4), and the kurtosis index (Ky). The
extracted features were classified using a Logistic Regression (LR) machine learning algorithm. The
integrated use of LMD, the kurtosis index, and the LR classifier led to a classification accuracy of
90.30%, demonstrating strong effectiveness in identifying faults within the AC system
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INTRODUCTION

Online Condition Monitoring (OCM) has become a vital field of study for the diagnosis of
mechanical component faults due to industrial
automation and technological advancements. Fault
detection is critical for system design and
maintenance [1]. OCM involves continuously
monitoring machine parameters such as vibration,
temperature, and pressure to identify changes and
detect potential issues early [2—5]. Author If faults
occur in any of the components while they are in
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use, this proactive approach can help prevent
serious damage.

Acoustic and vibration measurements are
among the most widely used techniques for fault
diagnosis, especially in machinery that involves
rotational motion [6—8]. The AC is a type of rotary
machine that requires online condition monitoring
to prevent further damage and maintain safe
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operating conditions [9]. Fault diagnosis can be categorized into three forms: (1) Human perception,
(2) Extraction of feature based on signal processing, and (3) Classification using machine learning.
Data collection, the first step in the fault diagnosis process, involves recording all relevant machine
parameters.

Various sensors are used to collect data from AC systems; however, obtaining data from multiple
locations can sometimes be challenging and impractical. To address this issue, careful sensor
placement and selection are crucial for effective online condition monitoring of AC system [10, 11].
In such applications, microphones and accelerometers are the two most commonly used types of
sensors. According to various researchers, microphones are considered the most precise and
appropriate tools for signal processing [12, 13]. Additionally, selecting the right signal processing
technique significantly influences both the effectiveness of OCM and the accuracy of the machinery
assessment [14]. Historically, researchers have employed various signal processing methods to
analyze collected data for assessing the condition of rotating machinery. These methods include Local
Mean Decomposition (LMD) [15, 16], Empirical Mode Decomposition (EMD) [17, 18], and the
Wavelet Transform [19, 20]. These techniques can be categorized into three groups: 1) Time Domain,
2)

Frequency Domain, and 3) Time-Frequency Domain [20]. Among these methods, LMD is
particularly advantageous, as it effectively mitigates the drawbacks associated with the others, such as
mode aliasing and end effects [21]. In this study, the local mean decomposition technique was applied
to process both healthy and faulty signals from an AC system. Through demodulation, the signals
were decomposed into various distinct Product Functions (PFs).

Feature extraction, a crucial step in OCM for fault diagnosis, was then performed. In previous
research, researchers have suggested a range of statistical indicators (SIs) for feature extraction,
including mean, variance, absolute mean amplitude, root mean amplitude, root mean square, kurtosis,
and more. The selection of the most significant statistical indicators for classification is crucial after
feature extraction. Rotating machinery, such as compressors, is classified based on its faulty and
healthy states. Evaluating the correlation between the class data and the training samples is the first
stage in the classification process. This correlation is then used to predict the class of the test data
[19-22]. Logistic Regression (LR) classifier has been widely employed by re-searchers to address
classification challenges [23, 24]. However, these methods are often tailored to specific problems. In
this paper, defective states in an AC system are classified using the LR algorithm. Figure 1 illustrates
methodology for fault diagnosis model, which involves five steps: 1) Collection of data, 2) LMD
technique, 3) Extraction of feature, 4) Classification using the LR classifier, and 5) Fault diagnosis.

Product Product Product
function [ function [» function [-4 Residue
(PF)) (PF,) (PF3)
Normal )
N (healthy) 4
condlltlon 2. IMD: 3. Logistic
1. Data (1) Signal R Extraction N regression o 5. Fault
collection processing | | of feature (LR) diagnosis
technique classifier
Faulty
conditions (7)
Figure 1. Complete methodology.
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EXPERIMENTATION

In the last several decades, Various studies have been executed to identify and analyze issues in
various rotary devices, such as rotors, air compressors, and bearings. However, there are relatively
few studies specifically focused on fault diagnosis in AC system, which motivated the current
research. This focus on AC system fault detection represents the novelty of this work. The authors
utilized a unidirectional microphone (Model code: UTP-30) to capture both healthy and faulty signals
from an AC system. By strategically positioning the microphone near problematic areas, they were
able to minimize background noise and collect cleaner signals.

To capture and analyze signals during operation, a variety of sensors can be employed. Among
these, micro-phones have been identified as the most effective tools for detecting faulty signals in
rotary devices. Figure 2(a) presents the audio signal acquisition for 7 faulty conditions and 1 normal
condition, providing an overview of the complete AC system. The placement of microphones to
record faulty signals from the AC system is shown in Figure 2(b). Figure 2(c) shows the configuration
used for collecting signals, featuring the integration of a microphone and DAQ hardware connected to
a computer system. Several test runs revealed that positioning the micro-phone 1.5 cm from the target
area significantly improved the quality of the recorded sound, resulting in clearer and more distinct
signals [9, 10].

Once the audio signals from the air compressor system were successfully acquired, the next step
involved processing these signals using advanced signal analysis techniques to extract important
information.

PROCESSING THE ACQUIRED SIGNALS

The experimental signals obtained have been analyzed employing the most recent signal processing
techniques, such as LMD. It is a method for breaking down a signal into several parts, or PFs, which
represent different amplitude and frequency elements. The complete mathematics of the LMD
technique is presented in Figure 3.

Figure 4 illustrates various segregated product functions (PFs) along with their respective Fast
Fourier Transforms (FFT). In this study, the LMD method was used to extract the PFs from the
signals acquired from the AC system.

suones0] auoydoIdr |

Figure 2. Experimentation: (a) AC system, (b) microphone placements, (¢c) DAQ [9].
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Figure 3. Complete mathematics of the LMD technique [21].

To pinpoint the key PFs accompanying faulty conditions, Fast Fourier Transforms (FFTs) were
determined. The fault-related PFs were identified by examining those with the highest amplitudes and
frequency components close to the system's natural frequency. The presence of mode mixing could
account for the broad frequency observed in certain PFs. A comprehensive analysis of the frequency
clusters and their associated amplitudes is vital for identifying the PFs that signal faults. As depicted
in Figure 4, the first PF, with maximum amplitude, includes a frequency cluster near the normal
operating frequency. This makes PF, highly effective in highlighting the fault characteristics in this
case. Additionally, the PFs of other collected audio signals were analyzed, leading to the identification
of the key product functions (PFs) responsible for generating errors. Ultimately, these specific PFs
were evaluated using six Sls to diagnose faults in the AC system.

FEATURE EXTRACTION

All the gathered data were processed using the LMD technique, as depicted in Figure 4. The statis-
tical indicators (SIs) of these decomposed signals such as Ms, 6%vs, Mrs, Mra, Maa, and Ky were
analyzed for feature extraction. Table 1 provides the SIs along with their corresponding equations
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Figure 4. PFs and FFTs of signals.
Table 1. SIs and their equations [21].
SIs Equations
MOS (Ms) R Where,
M, = Z;Sf(t) MOS = Mean of signals, VOS = Variance of
signals, MRS = Mean of root square, MRA =
VOS (c°vs) 2 _ LZV: (S.(t) =M )’ Mean of root amplitude, MAA = Mean of
On™71 il : absolute amplitude, Si(t) = Signal amplitude, Ms
VRS O, = Signals mean, L = Number of samples.
(M3 M, :*&ZS' @
MRA (MRA) 1 2 2 2
MRA = \]Z‘si(t)l +Si(t)2 +"‘+Sn(t)n
MAA (M. 1 &
(Mas) M, =ZZ|Si(t)|
Kurtosis (Ku) o 4

2 IS 0-1)

— _i=l
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The frequency components of the 1,800 recorded signals were analyzed using FFTs. After a
detailed examination of the prominent peaks in the corresponding frequency spectra, significant fault
frequencies (PFs) were identified. The dataset consists of 1 healthy case and 7 faulty cases (as
presented in Table 2), containing all the required signal indicators (SIs).

The primary object of this research is to classify the most critical fault among various unhealthy
conditions. Figure 5 presents the signal plots for 1 healthy state and 7 faulty scenarios, highlighting
differences in amplitude and sample count. Notably, the bearing and flywheel faults showed
prominent signal peaks, with the bearing fault exhibiting the highest amplitude. Consequently, the
bearing defect was deemed the most severe and chosen for in-depth analysis.

CLASSIFICATION USING LOGISTIC REGRESSION (LR) CLASSIFIER

LR is a statistical model primarily used for binary classification problems, where the goal is to
predict one of two possible outcomes, typically represented as O or 1. De-spite its name, it is a
classification algorithm rather than a regression model. The complete mathematics of LR classifier are
as follows:

Step 1: Model Representation
In In Logistic Regression (LR), the likelihood that the response variable Y belongs to the positive
class (label = 1) is estimated using the sigmoid function:

Table 2. PFs of Sls.

Exp. No. Ms o2vs Mgs Mga Maa Ku States

1. 0.0008 0.03 0.18 0.10 | 0.13 6.9 |Faulty Bearing (FB)

225. 0.004 0.05 0.24 0.15 0.18 4.1 FB

226. 0.001 0.05 022 | 014 | 017 41 |Faulty Flywheel (FF)

450. 0.0032 0.039 0.19 0.12 0.14 5.0 FF

451. 0.0006 0.073 0.27 0.18 0.21 3.1 Healthy (H)

675. -0.0002 0.05 0.24 0.15 0.18 3.7 H

676. -0.0005 0.02 0.16 0.09 0.11 7.1 Faulty Inlet Valve (FIV)
900. 0.0018 0.03 0.18 0.11 0.13 5.2 FIV

901. 0.0003 0.03 0.19 0.12 0.14 6.2 Faulty Outlet Valve (FOV)
1125. 0.0016 0.05 0.22 0.15 0.17 3.5 FOV

1126. -0.0004 0.03 0.19 0.11 0.13 10.9 Faulty non-return Valve (FNRV)
1350. 0.0008 0.04 0.20 0.12 0.15 4.5 FNRV

1351. -0.0004 0.07 0.27 0.17 0.21 3.6 Faulty Piston Ring (FPR)
1575. -0.0004 0.05 0.22 0.14 0.17 4.2 FPR

1576. 0.0014 0.02 0.15 0.08 0.10 10.8 Faulty Rider Belt (FRB)
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‘1800. ‘ 0.0030 ‘ 0.03 ‘ 0.18 ‘ 0.11 ‘ 0.13 ‘ 53 ‘FRB ‘

P(Y=1X) = o(S) (M
Where S is defined as a weighted sum of input features:
S =0+ ox+ ox,+..+ ox = 0x )

PX= 1| X) = Probability of the positive class, o (S) = The logistic function.

Step 2: Logistic (Sigmoid) Function
The logistic function transforms any real-valued input into the interval (0, 1):

&(8)=— 3)

1+e'5

Step 3: Classification Rule
An instance is classified into the positive class if the predicted probability exceeds a certain

threshold (commonly 0.5):
A {1, if o(S)>0.5

“

0, otherwise
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Figure 5. Amplitude vs samples graphs.
Step 4: Cost Function (Loss Function)

The model assesses prediction error using the binary cross-entropy (log-loss),

I = -%i[y(”)log(j;(“))-%(l-ﬁ(“))log(l-jz(”))}
i=1

Where K = Number of samples, y*) = Actual label (0 or 1) for sample a.

Step 5: Gradient Descent

To minimize the loss function, weights are iteratively updated using gradient descent:

o= o oL
J" J ﬂaa)]

Step 6: Gradient of the Cost Function
The gradient for each weight is computed as:

&)

(6)
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Step 7: Final Model Representation
After training, the model prediction is represented as:

y = o(ox) (8)

With the classification process completed, the next step was to analyze how effectively the model
diagnosed faults were using various evaluation techniques, as discussed in the fault diagnosis section.

DIAGNOSING OF FAULTS

This study utilizes the LR classifier for fault diagnosis. The analytical results are presented using
three methods: Confusion Matrix (C-Matrix), Scatter Plots (SP) and Receiver Operating Characteristic
(ROC) curves.

Fault Diagnosis Using SP

The distinction between the two classes in the dataset is clearly depicted using a scatter plot. Figure
6 illustrates the SP of normal and FB signals based on 6 statistical features across various samples.
Notably, the kurtosis plot demonstrates a distinct separation between H and FB conditions.

In this plot, blue circles represent the normal (healthy) state, while red circles indicate the faulty
state. The red circles display a significantly disrupted position referred to as Leptokurtic (kurtosis >
3), which indicates a signal with a relatively high peak, suggesting a faulty bearing case. Conversely,
the blue samples represent a stable state known as Platykurtic (kurtosis < 3), characterized by a flat-
topped signal that implies the absence of a fault. Thus, it can be concluded from this observation that
kurtosis serves as an effective predictor of fault characteristics in the AC system.

Fault Diagnosis Using Confusion Matrix (CM)

The CM is a table that shows how well an algorithm can classify data by predicting a categorical
label for every instance of an input. As shown in Figure 7, it displays the positive values that are true
(TP), negative values that are true (TN), positive values that are false (FP), and negative values that
are false (FN) values determined by the test data and model. This matrix is used to assess the
predictive effectiveness of a particular classification method in the current study.
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In the current study, the LR classifier was employed to diagnose faults. The confusion matrix for
the ensemble-based classifiers takes into account the normal and faulty bearing conditions in the AC
system. The CM for the LR classifier is displayed in Figure 8 and has been used for assessment.
These statistics reflect the Tp, Tn, Fp, and Fn for both normal and faulty bearings in training and
testing cases. These parameters contribute to the overall classification accuracy of the LR classifier,
and the performance of each LR classifier is described in detail below.

Fault Diagnosis using ROC Curves

The ROC curves used to assess how well the LR classifier performs in identifying bearing
problems in an air compressor system are shown in Figure 9. For both training and testing datasets,
these graphs show the correlation between the True Positive Rate (TPR) and False Positive Rate
(FPR). A red dot on each curve marks the classifier’s specific performance, representing the
corresponding Tpr and Fpr values.

For the training data, Figures 9(a) and 9(b) show that the LR classifier resulted in FPR of 0.11 and
0.08, indicating that 11% and 8% of instances were incorrectly classified as positive. In the testing
phase, Figures 9(c) and 9(d) display FPR of 0.00 and 0.04, meaning no false positives in one case and
a 4% misclassification rate in the other.

The TPR values of 0.92 and 0.89 indicate that the LR classifier successfully identifies 92% of the
normal class and 89% of the faulty bearing class as positive during the training phase. In the testing
phase, TPR values of 0.96 and 1.00 show that the classifier accurately classifies 96% of the normal
class and 100% of the faulty bearing class as positive.

Result and accuracy of LR classifier

The accuracy of the Logistic Regression (LR) classifier, which is determined by dividing the
number of properly predicted instances by the total number of input samples, is used to assess the
classifier's efficacy in this study.

TP + TN
TP + FP + FN + IN

x 100} ©)

Accuracy = [

The values for TP, TN, FP, and FN for the LR classifier are 163, 162, 14, and 21, respectively, as
illustrated in Figure 8(a).

+
Accuracy = 163+ 162 *x100

163 + 14 +21+ 162

Accuracy = 90. 30%

Model 1 (Logistic Regression) Model 1 (Logistic Regression)

wa 172]
172} wn)
=2 =
@) O
o (]
£ &
2 2

1 2 1 2

Predicted Class Predicted Class

(a) Training case (b) Testing case
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Figure 8. CM of LR classifier.
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CONCLUSIONS
This research introduces a methodology for detecting defects in AC systems, encompassing data
gathering, microphone positioning, signal processing, extraction of feature, and fault classification.
The following salient features have been inferred from the analysis:
e LMD has been identified as a powerful tool, successfully overcoming the limitations as-
sociated with traditional diagnostic techniques in air compressors.
e Six statistical indicators such as MS, 6?vs, Mrs, Mra, Maa, and Ky were assessed. Kurtosis
(Ku) emerged as the most effective feature for fault prediction.
e LR classifier achieved an impressive prediction accuracy of 90.30%, validating its efficacy for
real-time fault diagnosis in AC systems.
e The proposed approach is highly effective for real-time diagnostics of air compressor issues,
enabling timely maintenance and reducing operational downtime.
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