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ABSTRACT 

In recent years, advances in computer technology and the emergence of big data have enabled deep 

learning to achieve impressive successes in bearing condition monitoring and fault detection. While existing 

deep learning approaches are able to efficiently detect and classify bearing faults, most of these approaches 

depend exclusively on data and do not incorporate physical knowledge into the learning and prediction 

processes—or more importantly, embed the physical knowledge of bearing faults into the model training 

process, which makes the model physically meaningful. To address this challenge, we propose a physics-

informed deep learning approach that consists of a simple threshold model and a deep convolutional neural 

network (CNN) model for bearing fault detection. In the proposed physics-informed deep learning approach, 

the threshold model first assesses the health classes of bearings based on known physics of bearing faults. 

Then, the CNN model automatically extracts high-level characteristic features from the input data and 

makes full use of these features to predict the health class of a bearing. We designed a loss function for 

training and validating the CNN model that selectively amplifies the effect of the physical knowledge 

assimilated by the threshold model when embedding this knowledge into the CNN model. The proposed 

physics-informed deep learning approach was validated using 1) data from 18 bearings on an agricultural 

machine operating in the field, and 2) data from bearings on a laboratory test stand in the Case Western 

Reserve University (CWRU) Bearing Data Center. 
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1. Introduction 

Modern machinery is becoming increasingly complex, while the operating conditions are typically 

harsh and uncertain, which increases system vulnerability and eventually leads to a breakdown. An 

unanticipated machine failure requires unplanned maintenance, and maintenance delays often affect other 

related components in the system. Monitoring the health condition of a machine can help increase machine 

availability, reduce the cost of downtime, and improve customer satisfaction [1]. Rolling element bearings 

are not only the most critical components but also the main contributors to system failures; 45–55% of 

rotating machine failures are caused by rolling element bearing failures [1-3]. Therefore, detecting bearing 

faults is a major concern and has drawn substantial research attention. According to the current literature, 

a general intelligent fault detection methodology includes three steps: data acquisition, feature extraction, 

and fault classification [4]. 
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The data acquisition step acquires signals that reflect bearing health conditions. Various sensing 

techniques, including vibration [5-8], acoustic emission [9-11], and motor current [12-14], have been 

applied to bearing health monitoring and fault detection. Vibration sensors are commonly used due to their 

widespread availability and sensitivity in bearing fault detection [15]. The discussion in the remainder of 

this paper will be confined to vibration-based health monitoring.  

The feature extraction step maps the original signals onto statistical parameters that convey machine 

status information. The design of the feature extractor plays a very important role in obtaining high accuracy. 

Feature extraction methods can be divided into two types: physics-based methods and data-driven methods. 

For physics-based methods, signal features can be extracted from the time domain [15], frequency domain 

[16], and time-frequency domain [17]. The original vibration signals collected from rotating machines are 

almost always in the time domain; however, for bearing fault detection, these vibration signals are often 

investigated in the frequency domain and the time-frequency domain by using the appropriate tools to 

transform raw time-domain signals into the corresponding domains. The Fourier transform is the most 

popular signal processing tool used to transform a vibration signal into the frequency domain [18]. Time-

frequency domain features can be extracted by the wavelet packet transform [19], Morlet wavelet transform 

[20], and short-time Fourier transform [21]. The data-driven feature extraction relies on the use of machine 

learning models to automatically learn the most informative features from the raw data [22-26]. Jia et al. 

[23] proposed a deep learning-based method to mine the useful information from raw data and approximate 

complex nonlinear relationships between collected signals and the health condition of bearings and 

achieved satisfactory fault detection accuracy under various operating conditions. Lei et al. [6] proposed a 

sparse filtering-based deep neural network to directly learn features from mechanical vibration signals. 
Abdeljaber et al. [24] proposed 1D CNN on a normalized vibration signal, which can perform vibration-

based damage detection and localization of the structural damage in real-time.  

After the features are extracted, they are input into the fault detection model to estimate the health 

condition of the machine. Several machine learning-based models can be utilized to achieve bearing fault 

detection, such as k-nearest neighbors [27-28], artificial neural network [29-30], support vector machine 

[31-32], and Bayesian networks [33-34]. Tian et al. [28] formed a health index using principal component 

analysis and k-nearest neighbors to detect bearing faults and monitor the degradation of bearings. Sadeghian 

et al. [29] presented an approach for induction motors online detection of rotor bar breakage, based on the 

combination of wavelet packet decomposition and an artificial neural network. Banerjee et al. [31] 

investigated a hybrid method for fault signal classification based on sensor data fusion by using a support 

vector machine and short-time Fourier transform techniques. Cai et al. [33] proposed a two-layer dynamic 

Bayesian networks-based approach to detecting faults of electronic systems. The second fault symptom 

layer was used to detect system faults after receiving the fault information from the first fault layer. To 

reduce the overall complexities of Bayesian networks in fault diagnosis, Cai et al. [34] proposed an 

approach using object-oriented Bayesian networks for the real-time fault diagnosis of a subsea production 

system. Dou et al. [35] compared the bearing fault detection results of k-nearest neighbors, a probabilistic 

neural network, a particle swarm optimization optimized support vector machine, and a rule-based method. 

Although these shallow machine learning-based models are able to produce satisfactory accuracy in bearing 

fault detection, they lack the capability to analyze and derive full value from large volumes of data [36]. 

In recent years, deep learning has attracted increasing attention from researchers in the field of bearing 

fault detection and has additionally been recognized as a powerful tool for bearing failure prognosis [37-

42]. Deep learning models can automatically extract complex features from the input data without requiring 

human intervention. Three deep learning architectures are widely used for bearing fault detection: the 

autoencoder [43-44], restricted Boltzmann machine [45], CNN [46-50], and their variants. He et al. [44] 

proposed a novel loss function for increasing the robustness of an autoencoder in bearing fault detection. 

Xing et al. [45] developed a locally connected restricted Boltzmann machine to address the periodic 

appearance of fault features in the raw signals. Then, based on the features learned by the restricted 

Boltzmann machine, they used softmax regression to recognize faults. Recently, CNNs have attracted 

attention from researchers in the machinery fault detection field [46]. A CNN has a feed-forward 

architecture consisting of two fundamental operators: convolution and pooling. The convolution operator 
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extracts local features from the input using various filters (also known as kernels). The pooling operator 

extracts features with a fixed-length over sliding windows of the input data following several rules, such as 

averaging and maximizing. One unique characteristic of a CNN is that it can automatically extract high-

level characteristic features from large volumes of data and thus avoid the manual feature extraction that 

relies heavily on human labor. Jing et al. [47] proposed a CNN-based feature learning and fault detection 

model for fault detection of a gearbox and compared the model performance with three machine learning 

methods. The comparison results showed that the proposed CNN model achieved the best performance on 

different data types. To improve the robustness of CNNs in bearing fault detection, Zhang et al. [48] 

proposed a CNN with training interference that enabled the model to detect bearing faults with input noisy 

data collected from different working conditions.  

Although many deep learning models have recently been implemented and applied to monitor the health 

of rolling element bearings, little research effort has been devoted to incorporating physical knowledge into 

deep learning methods—or more importantly, seek ways to incorporate the physical knowledge of bearing 

faults into the model training process to make model physically meaningful and applicable in different 

application scenarios. Compared to a purely data-driven model, a physics-informed deep learning model 

emphasizes the features that carry the most useful bearing fault-relevant information. By leveraging domain 

knowledge, physics-informed deep learning models can alleviate the number of misclassifications that are 

contrary to physics (such as a false positive that occurs when a model incorrectly predicts a bearing fault 

while the vibration amplitudes at all frequencies take very small values). Mohammad et al. developed a 

deep CNN model that was equipped with a physics-based convolutional layer as the first layer for bearing 

fault detection [51]. Subsequently, Lu et al. attempted to improve the performance of this deep CNN model 

by proposing a physics-based feature-weighting technique [52] that could flexibly optimize how physical 

knowledge is incorporated in the frequency domain. 

Moreover, most of the existing bearing fault detection approaches are dependent on data collected from 

laboratory test stands. However, in many real-world applications, the data are often collected in more 

complex and variable working conditions (such as rotating speeds, loads, etc.). The existing approaches 

thus may not perform well in these real-world scenarios. In this work, we aim to develop and validate a 

physics-informed deep learning approach based on the data collected from an agricultural machine 

operating in the field. The contribution of our work is four-fold. 

First, a novel deep learning approach called physics-informed deep learning is proposed for bearing fault 

detection. The proposed approach has the ability to leverage the physical knowledge of bearning faults to 

ensure satisfactory detection accuracy under highly time-varying rotational speeds. Compared to purely 

data-driven approaches which do not incorporate physical knowledge into the learning process, the 

proposed approach produces a higher level of compliance with physics, thereby improving the learning 

model’s credibility. 

Second, we define nine frequency sub-bands centering around the bearing fault characteristic 

frequencies and use the vibration amplitude readings in the sub-bands as the input features. Our rationale 

is that the readings in these sub-bands may carry more fault-relevant information than the readings in other 

frequency sub-bands. These input features, which are selected based on the physical knowledge of bearing 

faults, may improve the ability of a deep learning model to learn highly representative features for bearing 

fault detection. 

Third, a customized data-and-physics-driven loss function is designed to intelligently incorporate the 

physical knowledge of fault-relevant information into the deep learning model training process, making the 

model physically meaningful. 

Fourth, the proposed physics-informed deep learning approach is validated using bearing data collected 

from a heavy-duty off-road vehicle used for an agricultural application (Case Study 1) and from a laboratory 

test stand in the Case Western Reserve University (CWRU) Bearing Data Center (Case Study 2).  

The remainder of this paper is organized as follows. Section 2 provides background information, 

including bearing fault characteristic frequencies and signal preprocessing techniques. Section 3 discusses 

the selection of the input sub-band envelope spectrum, and the development of a customized data-and-

physics-driven loss function to integrate the physical knowledge from the threshold model with the data-
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driven CNN for bearing fault detection. Section 4 introduces the experimental data used to verify the 

proposed physics-informed deep learning approach. The fault detection results by the proposed approach 

and other data-driven approaches are reported in Section 5, and concluding remarks are presented in Section 

6. 
 

2. Background 

2.1. Fault characteristic frequencies 

Bearings are composed of four main components: the inner race, outer race, rollers or balls, and the cage. 

The periodic frequency caused by a bearing fault is called the fault characteristic frequency, which can be 

uniquely determined by the location of the fault, the shaft frequency, and the geometric parameters of the 

bearing [51-53]. In this study, we consider three main types of bearing faults: inner race fault, outer race 

fault, and roller or ball fault. The fault characteristic frequency formulae of these three types of bearing 

faults are as follows: 

 𝑓𝐼𝑅𝐷 = 𝑓𝑟 ×
𝑍
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where 𝑑 is the roller or ball diameter ball, 𝐷 is the pitch diameter, 𝑓𝐼𝑅𝐷, 𝑓𝑂𝑅𝐷, and 𝑓𝑅𝐷 denote the fault 

characteristic frequencies of the inner race, outer race, and rolling element, respectively, 𝑍 denotes the 

number of rollers or balls, 𝑓𝑟 denotes the shaft rotational frequency, and 𝛼 denotes the angle of the load 

from the radial plane.  

 

2.2. Signal preprocessing 

When a bearing has a localized fault, contact between the fault and its mating surface excites a periodic 

impulse response with a frequency called the fault characteristic frequency. The vibration signal in the 

presence of this fault exhibits an amplitude modulation phenomenon that combines the characteristic 

frequency of the bearing fault with the structural resonance of the host system. Due to the modulation, a 

high energy resonance frequency band is formed around the system resonance frequency. By contrast, the 

energy in the signal spectrum's low-frequency band (where the fault characteristic frequency and its first 

few harmonics are located) is extremely weak. This makes it difficult to analyze the fault characteristic 

frequencies directly from the frequency spectrum. To tackle this difficulty, demodulation techniques have 

been developed that extract the fault-related vibration component from the modulated signal. Envelope 

analysis, also known as amplitude demodulation, is a well-known demodulation technique for bearing 

vibration analysis [54]. One method of envelope analysis is to first apply a bandpass filter and then use a 

Hilbert transform. The purposes of the bandpass filter are to remove the low-frequency high-amplitude 

signals associated with imbalance and misalignment and to eliminate random noise outside the passband. 

After the bandpass filter is applied, the Hilbert transform is used to rectify the filtered signal.  

The Hilbert transform is a signal demodulation technique that can reveal fault information by 

constructing an analytical signal from a sample vibration signal. An analytical signal is a complex time-

domain signal whose imaginary component is the Hilbert transform of the real part. Thus, if 𝑎(𝑡) denotes 

the time-domain signal and 𝐻(𝑎(𝑡)) denotes its Hilbert transform, the analytical signal can be defined as 

𝐴(𝑡) = 𝑎(𝑡) + 𝑗𝐻(𝑎(𝑡)), where j denotes the unit imaginary number. It can be proven that the Hilbert 

transform corresponds to a 90-degree phase shift in the time domain [55]. By using the Hilbert transform, 

rapid oscillations can be removed from the modulated signal to produce a direct representation of the fault 

characteristic frequencies [56]. 
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(a) 

 

(b) 

Figure 1. Bearing vibration signals in the presence of an outer race fault: (a) time-domain signal and (b) 

frequency-domain signal. 

 

A sample vibration signal in the presence of an outer race fault is shown in Figure 1. It can be seen that 

the modulated signal contains little to no diagnostic information about bearing faults in both the time 

domain (the blue waveform in Figure 1 (a)) and frequency domain (the blue spectrum in Figure 1 (b)). The 

red dashed waveform in Figure 1 (a) shows the enveloped signal, demodulated using the Hilbert transform. 

From the red spectrum in Figure 1 (b), it can be seen that the spectrum of the signal envelope reveals useful 
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information for fault diagnosis, such as the fault characteristic frequency (𝑓𝑜𝑟𝑑), its first harmonic (2 × 𝑓𝑜𝑟𝑑), 

and potential modulations. 

As shown in Eqs. (1) to (3), each fault characteristic frequency is the product of a constant value and the 

shaft speed. The computed order tracking technique is applied to eliminate the frequency shift caused by 

speed change. Instead of sampling the signal at constant increments of time, the computed order tracking 

technique samples the vibration signal at constant increments in the shaft angle. After performing computed 

order tracking and envelope analysis, the vibration signal can be converted from a time series signal to an 

enveloped order spectrum. The order is defined as the frequency normalized by the reference speed and 

takes the following form [57] 

 𝑜 = 𝑓/𝑓𝑟, (4) 

where 𝑜 denotes the order, 𝑓 denotes the frequency of the observed vibration, and 𝑓𝑟 denotes the reference 

speed, which is set as the shaft’s rotational speed. A more detailed description of computed order tracking 

can be found in [54].  

 

2.3. Physics-informed deep learning 

During the past few years, deep learning has been recognized as a useful tool in bearing condition 

monitoring and fault detection. Most of the deep learning approaches rely exclusively on data and do not 

incorporate physical knowledge into the learning and prediction processes. Without incorporating physical 

knowledge, purely data-driven approaches may have a low level of compliance with physics, leading to 

poor model performance. In Figure 2, we show the level of compliance versus the overall accuracy for three 

approaches in Case Study 1 (will be detailed later). A lower level of compliance with physics means a larger 

percentage of misclassifications that are also contrary to physics, which often leads to a lower level of the 

learning model’s credibility. By leveraging physical knowledge of bearing faults, a physics-informed deep 

learning approach can reduce the number of misclassifications that are incompliant with physics, thereby 

improving the model’s credibility. 
 

  

Figure 2. Level of compliance with physics vs. overall accuracy for different approaches used in Case 

study 1. The error bars indicate ± one standard deviation. 
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3. Methodology 

3.1. Input feature extraction and output fault detection 

The objective of this study is to detect bearing faults using the sub-band envelope spectra of vibration 

signals; which are considered to be the input features used by the proposed physics-informed deep learning 

approach. The sub-band envelope spectrum is obtained via two steps: 1) analyze the raw time-domain 

vibration signal with a sampling rate of 25,600 Hz using the Hilbert transform, fast Fourier transform (FFT), 

and computed order tracking to obtain its envelope signal in the frequency domain ranging from order 0–

34; and 2) select the frequency sub-bands based on the fault characteristic frequencies of the bearing, as 

shown in Figure 3 (for Case Study 1).   

 

   

Figure 3. An illustration of the selected frequency sub-bands. 𝑅0−2, 𝑂0−2, and 𝐼0−2 denote the bearing 

sub-band order range in the characteristic frequency and its first two harmonics for the roller fault, outer 

race fault, and inner race fault, respectively. Note that 𝑅2 and 𝐼1 have the overlapped ranges and that the 

bearings used in Case Study 1 are roller bearings. 

 

Instead of using the entire envelope spectrum as input features for bearing fault detection, we only select 

the frequency sub-bands in the envelope spectrum according to the fault characteristic frequencies, due to 

the following reasons. First, the centers of the sub-bands for each fault type correspond to the characteristic 

fault frequency and its harmonics. As described in Subsection 2.2, a fault characteristic frequency is the 

frequency of periodic impulses triggered by a bearing fault and the fault characteristic frequencies can be 

treated as known physics of bearing faults. The design of the learning-model input in the proposed approach 

is thus informed by the physics of bearing faults. Second, the center frequencies are symmetrically extended 

in both directions by 5% of the center frequency values to form these sub-bands. This percentage value is 

determined according to the model’s performance on the validation set (see Subsection 5.1.4). The narrow 

frequency bands centered around the fault characteristic frequencies and their harmonics are selected as the 

sub-bands because the vibration amplitudes within these frequency bands potentially carry more fault-

relevant information than those at frequencies outside these bands. Third, there could be a potential offset 

in the calculation of the characteristic frequency due to the bearing dimensional tolerances and/or the 

resolution bias error in the frequency spectrum (picket-fence effect) [58]. Thus, using a frequency range 

instead of a single frequency value may allow for enough margin to accommodate these errors. Note that 

the deep learning models in both Case Study 1 and Case Study 2 take the respective sub-band envelope 
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spectra as the input features. The fault detection results of these two case studies are presented in 

Subsections 5.1 and 5.2, respectively. 

The selection of appropriate sub-bands is essential for effective fault diagnosis, as it can reveal 

intrinsically explicit information about different types of bearing faults. Table 1 summarizes the order 

ranges of nine selected sub-bands, defined using the fault characteristic frequency 𝑓𝑐 and sub-band width 

(%) n. As mentioned in Subsection 2.1, the fault characteristic frequencies of inner race, outer race, and 

roller can be calculated based on the geometry of the bearing, according to Eqs. (1)-(3). Thus, the order 

ranges of the sub-bands for each fault type have their centers located at the fault characteristic frequency 

(𝑓𝑐) and its first two harmonics and their widths defined as a certain percentage (n) of the sub-band central 

frequency, extending symmetrically in both directions. After identifying the order ranges of the nine sub-

bands using 𝑓𝑐 and n (i.e., 𝑓𝑐(1 ± 𝑛)), the characteristic features localized in the order ranges, which contain 

explicit information associated with the roller, outer race, and inner race faults, are chosen for bearing fault 

detection. We note that the order ranges shown in Table 1 are for Case Study 1 and will vary for a different 

bearing. 

 

Table 1. Summary of the sub-band envelope spectrum and the number of characteristic features. The sub-

band width is set to 5% for the purpose of calculating the number of selected features. The predetermined 

rate of 5% is selected according to the target task performance on the validation set. 

Item 
Roller fault Outer race fault Inner race fault 

𝑅0 𝑅1 𝑅2 𝑂0 𝑂1 𝑂2 𝐼0 𝐼1 𝐼2 
Characteristic 

frequency, f
c 

6.75 7.8 10.2 

Sub-band f
c
(1±n) 2f

c
(1±n) 3f

c
(1±n) f

c
(1±n) 2f

c
(1±n) 3f

c
(1±n) f

c
(1±n) 2f

c
(1±n) 3f

c
(1±n) 

Order range [6.41,7.09] [12.83,14.18] [19.24,21.26] [7.47,8.19] [14.82,16.38] [22.23,24.57] [9.69,10.71] [19.38,21.42] [29.07,32.13] 

Number of 

features 
39 79 118 46 92 138 60 120 180 

Each vector of input features (i.e., the sub-band envelope spectrum) has a corresponding health class 

that serves as the ground truth of a bearing’s health class. This study aims to detect the degree of bearing 

degradation instead of distinguishing the types of bearing faults. The model output (or fault detection result) 

in this study, is, therefore, one of three health classes, namely, healthy, light damage, and heavy damage, 

that represent three distinct levels of bearing degradation. 

 

3.2. Overall methodology of physics-informed deep learning 

This study seeks to create a physics-informed deep learning approach for bearing fault detection. This 

approach involves the use of a threshold model and a deep CNN model. 

The threshold model is a straightforward method that determines the health class of a bearing based on 

two thresholds, termed threshold 1 and threshold 2, which are identified by the highest amplitudes of the 

envelope spectrum in the training dataset, as shown in Figure 4. Figure 4 shows the selected sub-band 

envelope spectra for the training dataset used in this study. The value of threshold 1 (i.e., 2,800) is selected 

based on the highest amplitude among the envelope spectra of the bearings in the healthy class (i.e., green 

spectra); the value of threshold 2 (i.e., 31,000) is determined based on the highest amplitude among the 

envelope spectra of the bearings with light damage (i.e., the orange spectra). Although the value of threshold 

1 is much lower than that of threshold 2, it is expected that the vibration of a healthy bearing shows 

significantly lower amplitudes on the envelope spectrum than that of a faulty bearing. Because of the way 

the value of threshold 1 is determined, the vibration amplitudes of a healthy bearing in the training dataset 

are unlikely to exceed this threshold. Therefore, the use of threshold 1 allows distinguishing healthy 

bearings from those with light damage and heavy damage and ensures a very low likelihood that healthy 

bearings are misclassified as those with light or heavy damage. Note that threshold 2 may be overestimated 
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because some of the bearings with heavy damage may not have amplitudes above 31,000. While threshold 

2 cannot distinguish all bearings with heavy damage from bearings with light damage, it is highly probable 

that heavy damage predictions made by this threshold model are correct due to the high amplitude of 

threshold 2. This assumption is important as this physical knowledge will be used to refine the possibly 

incorrect health classifications made by the CNN model. It is not surprising that the deep learning model 

does not generalize well to samples not encountered during training because this model is purely data-

driven and cannot effectively discover and leverage information about bearing fault physics that is often 

hidden in the envelope signals. Thus, the threshold model can predict the bearing health classes based on 

fault-relevant information (i.e., thresholds 1 and 2) extracted from the envelope signals. It is worth 

mentioning that the values of threshold 1 and threshold 2 are empirically determined based on the fault 

information of the training data rather than the test data.  

 

   

Figure 4. Amplitude vs. feature for the eight bearings in the training dataset. Thresholds 1 and 2 are 2,800 

and 31,000, respectively. 

 

The CNN model consists of six building components, five of which are convolutional stages and the 

remaining one is a fully connected stage. Each convolution stage is composed of a convolutional layer, a 

batch normalization (BN) layer, and a rectified linear unit (ReLU) except for the first convolution stage, in 

which an additional max-pooling layer is applied to the ReLU output. The BN layer is designed to increase 

the robustness to CNN initialization and normalize its input across mini-batches to accelerate CNN training. 

This layer is usually added between the convolutional layer and the ReLU activation layer. ReLU is 

typically applied after the BN to enhance the network's ability to represent the nonlinearity of the input 

envelope signals. The fully connected stage follows the five convolution stages. In this stage, the extracted 

high-level features from the last convolution stage are flattened to a fixed-dimensional vector, which is then 

fully connected to the output layer to perform the health classification. Finally, a softmax layer computes 

the estimated probabilities for all the health classes and outputs the class with the highest probability. 
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Figure 5. Overview of the architecture of the CNN model used in this study[59-62]. 

 

The goal of this study is to bridge the gap between the sensor data and physical mechanisms by 

facilitating a tight integration of data-driven learning and physics-informed modeling. This integration is 

realized via a customized data-and-physics-driven loss function. Figure 6 illustrates the application of a 

customized data-and-physics-driven loss function to the proposed physics-informed deep learning approach 

for bearing health classification.  

 

 

Figure 6. Implementing the integration of data-driven learning and physics-informed modeling. 
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The proposed approach embeds the physical knowledge from the threshold model into the model’s 

training process by employing a customized data-and-physics-driven loss function. The model adds a 

penalty to the loss function when the predictions of the CNN and the threshold model disagree on the 

healthy and heavy damage classes. The penalty guides the model toward the known physical bearing fault 

knowledge from the threshold model that we believe is correct. More implementation details regarding the 

customized data-and-physics-driven loss function are presented in the following section. 

 

3.3. Data-and-physics-driven loss function 

The main idea behind the proposed physics-informed deep learning approach is to embed known fault-

relevant knowledge as prior information in the neural network training process, building a physically 

meaningful deep learning model for bearing fault detection. This objective is achieved by employing a 

customized data-and-physics-driven loss function, 𝐿𝑜𝑠𝑠𝐷𝑃: 

 𝐿𝑜𝑠𝑠𝐷𝑃 = 𝐿𝑜𝑠𝑠𝑎𝑙𝑙 + 𝛼 ∙ 𝐿𝑜𝑠𝑠𝑔 + 𝛽 ∙ 𝐿𝑜𝑠𝑠𝑟, (5) 

 𝐿𝑜𝑠𝑠𝑎𝑙𝑙 = −
1

𝑁
∑ ∑ 𝑦𝑗𝑖

𝑇𝑛
𝑖=1 log (𝑦̅𝑗𝑖)𝑁

𝑗=1 , (6) 

where 𝐿𝑜𝑠𝑠𝑎𝑙𝑙 denotes the traditional cross-entropy loss function for classification tasks, which measures 

the compatibility between a predicted bearing health class (e.g., the fault detection result) and its ground-

truth label. The loss function takes the average over the losses for every training sample N, and the training 

data are the only guide in searching for a possible solution. Here, 𝛼 and 𝛽 weigh the importance of 

physically inconsistent fault detections between the threshold model and the ground truth when minimizing 

𝐿𝑜𝑠𝑠𝐷𝑃, respectively, and n denotes the number of health classes (healthy, light damage, and heavy damage); 

𝑦𝑗𝑖
𝑇 denotes the ground truth of the 𝑗th sample for the 𝑖th health class; and 𝑦̅𝑗𝑖 denotes the fault detection result 

of the 𝑗th sample for the 𝑖th health class by the CNN model. 

To embed the physics knowledge into the loss function during neural network training, we employ 

𝐿𝑜𝑠𝑠𝑔 and 𝐿𝑜𝑠𝑠𝑟 as our physics-informed equations. 

 𝐿𝑜𝑠𝑠𝑔 = −
1

𝑁𝑔
∑ ∑ 𝑦𝑗𝑖

𝑇𝑀𝑛
𝑖=1 log (𝑦̅𝑗𝑖)

𝑁𝑔

𝑗=1
, (7) 

 𝐿𝑜𝑠𝑠𝑟 = −
1

𝑁𝑟
∑ ∑ 𝑦𝑗𝑖

𝑇𝑀𝑛
𝑖=1 log (𝑦̅𝑗𝑖)

𝑁𝑟
𝑗=1 , (8) 

Here, 𝐿𝑜𝑠𝑠𝑔 and 𝐿𝑜𝑠𝑠𝑟 denote a fault detection penalty for physically inconsistent health classes of healthy 

and heavy damage, respectively; 𝑁𝑔 denotes the number of samples classified by the threshold model as 

healthy but that the CNN model classified as light or heavy damage; 𝑁𝑟 denotes the number of samples that 

the threshold model classified as heavy damage but the CNN model classified as healthy or light damage; 

and 𝑦𝑗𝑖
𝑇𝑀 denotes the fault detection result of the 𝑗th sample for the 𝑖th health class by the threshold model. 

We highlight the healthy and heavy damage since the physics inconsistency of these two health classes is 

more likely to cause severe economic losses and safety accidents than that of the health class of light damage. 

The inconsistent health class of healthy (i.e., false positives) results in unnecessary maintenance that 

reduces machine utilization, leading to complaints from customers and unnecessary economic expenditure. 

The inconsistent health class of heavy damage (i.e., false negatives) results in delayed maintenance which 

in turn may drive the cost of repair up and reduce the life expectancy of machine assets. There is no doubt 

that the misclassification of light damage can also be costly, but less so than the harm caused by that of 

healthy and heavy damage. To this end, the customized data-and-physics-driven loss function highlights 

the physically inconsistent health classes of healthy and heavy damage from the points of view of economic 

impacts and model credibility. We expect that the proposed approach will not reduce its accuracy in fault 

detection due to the misclassification of light damage, and meanwhile, have fewer misclassifications that 

violated the physical knowledge of bearing fault as much as possible. We test this expectation by comparing 

the overall fault detection accuracy achieved by the proposed physics-informed deep learning approach to 
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two other deep learning methods equipped with a traditional cross-entropy loss function. The comparison 

results of this test are presented in Section 5. 

During the training process, the physical knowledge regarding fault-relevant information (𝐿𝑜𝑠𝑠𝑔 and 

𝐿𝑜𝑠𝑠𝑟) is added to the traditional loss function, 𝐿𝑜𝑠𝑠𝑎𝑙𝑙. Thus, the customized data-and-physics-driven loss 

function 𝐿𝑜𝑠𝑠𝐷𝑃 considers the physical information. In some sense, this customized loss function can be 

understood as an extension to the exclusively data-driven dependent loss function 𝐿𝑜𝑠𝑠𝑎𝑙𝑙, where 𝐿𝑜𝑠𝑠𝑎𝑙𝑙 

enforces the contribution from the CNN model in minimizing the customized loss function, and 𝐿𝑜𝑠𝑠𝑔 and 

𝐿𝑜𝑠𝑠𝑟 drive the customized loss function toward the known physical knowledge. With these two additional 

terms added to the traditional loss function, the proposed approach leverages not only the physical 

knowledge but also leverages deep learning for bearing fault detection using a neural network architecture. 

 

3.4. Optimization algorithm 

Several optimization algorithms can be used to minimize Eq. (5). The stochastic gradient descent 

algorithm and its variants have been highly successful at training neural networks [63-64]. Thus, this study 

employed stochastic gradient descent with momentum and used a mini-batch size of 128 samples. An initial 

learning rate of 0.01 was set for all layers and then decreased by a factor of five after every ten training 

epochs. Table 2 lists several important parameter values used during the training of the physics-informed 

deep learning model. 

 

Table 2. List of parameters and their values during the 

training of the physics-informed deep learning model 

Parameter Value 

Initial learning rate 0.01 

Mini-batch size 128 

Momentum 0.9 

L2 Regularization 0.0005 

Number of epochs 22 

 

The physics-informed deep learning model mainly consists of five convolutional layers and one dense 

layer. We randomly initialized the weights in each layer according to the Gaussian distribution with a mean 

of 0 and a standard deviation of 0.01, and the bias values for all the convolutional and dense layers were 

initialized to 0. The model configurations are outlined in Table 3. 

 

Table 3. Summary of the physics-informed deep learning model configurations. Conv-l and DC-l denote 

the lth convolutional layer and dense layer, respectively. For brevity, the BN layer and ReLU activation 

layer are not shown. 

Layer name Filter size Number of kernels  Stride size Number of weight Number of bias 

Input 1×873 - - - - 

Conv-1 1×14 16 (1,5) 224 16 

Max-pool 1×4 16 (1,2) - - 

Conv-2 1×3 32 (1,2) 96 32 

Conv-3 1×3 64 (1,1) 192 64 

Conv-4 1×3 64 (1,1) 192 64 

Conv-5 1×3 64 (1,1) 192 64 

DC-1 1×1 - - 3 1 

Softmax - - - - - 
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4. Experimental Data for Case Study 1 

We experimented on an agricultural machine to evaluate the performance of the proposed physics-

informed deep learning approach in detecting the faults of roller bearings. The three common types of fault 

(inner race fault, outer race fault, and roller fault) were introduced as a shallow peck milling slot cut into 

the bearing components.  Figure 7 shows the outer race of a bearing with a manually introduced fault. 

 

 

Figure 7. A single-point peck milling slot defect on the inner surface of the bearing outer race  

 

 For each fault type, we designed faults with different damage severity levels (light damage and heavy 

damage). A total of 12 bearings were pretreated according to the fault dimensions specified in Table 4. The 

pretreated bearings and six untreated (or healthy) bearings were assembled onto hydraulic motors. The 

motors were run under rotational speeds ranging from 21 Hz to 54 Hz. A vibration sensor was attached to 

the motor to monitor bearing health conditions. The sampling rate was set to 25,600 Hz to ensure that the 

Nyquist frequency was higher than the resonance frequency of the machine. 

 

Table 4. Summary of fault sizes 

Fault type Fault location 
Fault size 

Severity level Bearing IDs 
Length (in) Width (in) Depth (in) 

Inner race 

Outer surface 

of the inner 

race 

0.4 0.095 0.04 Light damage 1,2 

0.8 0.095 0.08 Heavy damage 3,4 

Outer race 

Inner surface 

of the outer 

race 

0.4 0.095 0.04 Light damage 5,6 

0.8 0.095 0.08 Heavy damage 7,8 

Roller 
Outer surface 

of the roller 

0.6 0.095 0.04 Light damage 9,10 

0.6 0.095 0.08 Heavy damage 11,12 

 

 The collected vibration signals were split into a large number of samples; the length of each sample 

was equal to 25,600, to generate one training dataset and five test datasets. Each test dataset can be used to 

evaluate the model’s performance for certain fault types. The composition of each dataset is shown in Table 

5. The variation in rotational speed presents a key challenge of bearing fault detection in real-world 

scenarios. Figure 8 shows the rotational speed and the maximum vibration amplitude of the inner race fault 

sub-band (I0 in Table 1) for bearing 1 in the training dataset and bearing 2 in the test dataset. The rotational 

speeds are in the range of 21 to 54 Hz with a stable stage and an unstable stage, leading to a fast time-
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varying behavior. The fluctuating rotational speed thus makes the vibration data unpredictable but closer to 

real-world scenarios.  

 

Table 5. Dataset summary 

Dataset Bearing ID Number of samples Condition 

Training 

13 2,235 Healthy 

1 1,419 Light damage of inner race 

3 1,139 Heavy damage of inner race 

5 3,100 Light damage of roller 

7 1,238 Heavy damage of roller 

9 3,198 Light damage of outer race 

11 3,709 Heavy damage of outer race 

Test 1 

14 2,549 Healthy 

2 1,192 Light damage of inner race 

4 2,181 Heavy damage of inner race 

Test 2 

15 854 Healthy 

6 1,294 Light damage of roller 

8 1,288 Heavy damage of roller 

Test 3 

16 1,381 Healthy 

10 2,387 Light damage of outer race 

12 766 Heavy damage of outer race 

Test 4 17 1,358 Healthy 

Test 5 18 2,880 Healthy 

 

  
(a) (b) 

Figure 8. Speed and vibration amplitude vs. time for (a) bearing 1 in the training dataset and (b) bearing 

2 in the test dataset.  
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5. Results and Discussion 

5.1. Case Study 1: fault detection of agricultural machine roller bearings 

The fault detection accuracy of the proposed physics-informed deep learning approach was compared 

with that of a support vector machine (SVM) [65] and a random forest (RF) [66]. The SVM model employed 

a radial basis function kernel with a regularization parameter of 1. The RF model used 22 trees in the forest 

and had no limit to the maximum depth of the tree, allowing the nodes to expand up to the point where all 

leaves were pure (containing less than 1 sample).  

To determine the effect of employing the sub-band envelope spectrum and customized data-and-physics-

driven loss function, we additionally compared the results of the proposed physics-informed deep learning 

approach to those of a purely data-driven CNN and a deep learning approach (CNN-S) that considers known 

physics of bearing faults (i.e., sub-band envelope spectrum). The purely data-driven CNN took the entire 

envelop spectrum as the input, while the CNN-S took the sub-band envelope spectrum as the input. Both 

CNN and CNN-S were composed of five convolutional layers and one dense layer and equipped with a 

traditional cross-entropy loss function to perform bearing health classification.  

To minimize the effect of random results caused by the run-to-run variation in training a machine 

learning model, we generated ten different training and validation datasets and executed each training and 

validation dataset one time. The mean fault detection results of SVM, RF, CNN, CNN-S, and the physics-

informed deep learning approach over the ten runs are shown in Table 6. Table 7 shows a comparison of 

the results achieved by these five approaches in terms of the best fault detection accuracy out of the ten 

runs.  

 

Table 6. Mean fault detection results achieved by SVM, RF, CNN, CNN-S, and the physics-informed deep 

learning approach 

Approach Input size Layer 
Mean accuracy (%) 

Test 1 Test 2 Test 3 Test 4 Test 5 

SVM [1,873] - 93.29 92.28 90.34 98.77 99.63 

RF [1,873] - 89.32 92.85 82.47 98.78 98.76 

CNN [1,2000] 5 Conv + 1 DC 97.75 97.93 90.40 98.88 99.72 

CNN-S [1,873] 5 Conv + 1 DC 98.74 96.23 91.06 99.15 99.78 

Physics-informed deep 

learning approach 
[1,873] 5 Conv + 1 DC 99.19 95.58 92.23 99.38 99.95 

 
Table 7. Best fault detection results achieved by SVM, RF, CNN, CNN-S, and the physics-informed deep 

learning approach 

Approach Input size Layer 
Best accuracy (%) 

Test 1 Test 2 Test 3 Test 4 Test 5 

SVM [1,873] - 93.54 92.26 91.04 98.89 99.82 

RF [1,873] - 90.07 92.90 83.17 98.75 98.89 

CNN [1,2000] 5 Conv + 1 DC 98.32 98.52 90.83 99.25 99.77 

CNN-S [1,873] 5 Conv + 1 DC 99.16 97.44 91.18 99.19 99.90 

Physics-informed deep 

learning approach 
[1,873] 5 Conv + 1 DC 99.26 96.45 91.82 99.41 99.97 

 
Based on these results, we can make the four important observations listed below. 

First, the overall fault detection accuracy of the physics-informed deep learning approach is higher than 

that of CNN, indicating that the proposed physics-informed deep learning approach makes more accurate 
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fault detections than does CNN, which is exclusively data-driven. In other words, these results suggest that 

incorporating physical knowledge of bearing faults enables more accurate health classifications compared 

to a method that relies exclusively on sensor data. While the physics-informed deep learning approach 

performed worse on Test 2 than did the CNN, its overall mean fault detection accuracy (97.27%) was better 

than that of the CNN (96.94%). 

Second, when comparing CNN and CNN-S on Tests 1, 3, 4, and 5, it can be observed that the 

performance improvements of CNN-S over CNN are attributable to employing the sub-band envelope 

spectrum. It is not surprising that a purely data-driven deep learning approach cannot effectively discover 

and leverage information about bearing fault physics that is often hidden in sensor signals. While CNN 

performed better on Test 2 than that of CNN-S, we highlight the model performance on Tests 3, 4, and 5, 

as these three tests had not been generated at the time of model development and were thus rigorous tests 

reflecting the effectiveness of the sub-band envelope spectrum in bearing fault detection. 

Third, it can be observed that the physics-informed deep learning approach outperformed both CNN and 

CNN-S on all tests except Test 2, indicating that the data-and-physics-driven loss function leads to more 

accurate health classifications. The worse performance of the physics-informed deep learning approach on 

Test 2 may be explained by the distinct difference between the training data and the test data in the vibration 

amplitude on the envelope spectrum. This difference may bias the fault detection by the threshold model 

and therefore lead to lower fault detection accuracy of the physics-informed deep learning approach. As 

our goal is to reduce misclassifications that violate the physical knowledge of bearing faults, the slight 

accuracy decrease in only one test is not overly concerning. Fourth, the performance (i.e., mean fault 

detection accuracy) of all three deep learning methods was better than that of SVM and RF. The comparison 

results suggest that deep neural networks can achieve more accurate fault detection compared to traditional 

machine learning methods (e.g., SVM and RF).  

The results presented in Table 6 and Table 7 demonstrate that the physics-informed deep learning 

approach provides more accurate bearing health class predictions (fewer health class misclassifications) 

than do the CNN and CNN-S. This performance improvement can be attributed to the use of the data-and-

physics-driven loss function, which incorporates the physical knowledge into the CNN model and helps 

ensure that the health class predictions by CNN are consistent with the known physics of bearing faults.  

Figure 9 shows a box plot that graphically summarizes the numbers of misclassifications that violated 

the physical knowledge of bearing faults. A misclassification that violates physical knowledge refers to 

either of the following two cases: 1) a healthy bearing is misclassified as having light or heavy damage 

while the threshold model classifies it as healthy, and 2) a bearing with heavy damage is misclassified as 

healthy or having light damage while the threshold model classifies it as having heavy damage. The values 

of thresholds 1 and 2 were 2,800 and 31,000, respectively. These values were empirically determined based 

on the fault information of the training data as described in Subsection 3.2. It can be observed from Figure 

9 that (1) the proposed approach (equipped with the data-and-physics-driven loss function) produced 

smaller total numbers of misclassifications that are inconsistent with the physics as compared to CNN and 

CNN-S (both are equipped with a traditional loss function) and (2) the number of misclassifications 

violating the physical knowledge by the physics-informed deep learning approach was less than those of 

CNN and CNN-S in each test. These comparison results provide evidence that the use of the data-and-

physics-driven loss function substantially and consistently reduced the numbers of misclassifications 

violating physical knowledge. 
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Figure 9. Comparison of the number of misclassifications that violated the physical knowledge between 

CNN, CNN-S, and the physics-informed deep learning approach. For simplicity, C, S, and P denote CNN, 

CNN-S, and the physics-informed deep learning approach, respectively.  

 

5.1.1. Confusion matrix 

The results presented in Subsection 5.1 demonstrate that a deep learning model with embedded physical 

knowledge can provide more accurate bearing fault detections than can deep learning alone. To explore the 

underlying reasons, we employed a confusion matrix to visualize the mean fault detection performances of 

CNN, CNN-S, and the proposed physics-informed deep learning approach on each health class. A confusion 

matrix is a visual tool that summarizes the performance of a classification model in bearing fault detection. 

The confusion matrices of Tests 1 through 5 achieved by CNN, CNN-S, and the physics-informed deep 

learning approach are shown in Table 8 through Table 10, respectively. The green, yellow, and red squares 

refer to health classes of healthy, light damage, and heavy damage, respectively. The vertical and horizontal 

axes represent the predicted bearing health classes and their actual health classes, respectively. More 

specifically, the elements in the diagonal represent the correct mean fault detections out of ten independent 

runs, while the elements above and below the diagonal refer to underestimates (i.e., false negatives) and 

overestimates (i.e., false positives), respectively. Clearly, the physics-informed deep learning approach 

efficiently reduces the risk of false positives compared to either the purely data-driven CNN approach or 

the CNN-S approach. Thus, it is reasonable to conclude that the data-and-physics-driven loss function can 

benefit correct fault detection and reduce the false alarm likelihood. In many real-world applications, this 

benefit from the appropriate embedding of fault-relevant physical knowledge into the deep learning model 

is important for reducing maintenance costs, high downtime costs, and customer complaints caused by false 

positives. 
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Table 8. Confusion matrices for CNN on five test datasets 

 
 

Table 9. Confusion matrices for CNN-S on five test datasets 

 
 

Table 10. Confusion matrices for the physics-informed deep learning approach on five test datasets 

 
 

5.1.2. Visualization of deep neural network features 

A deep learning-informed approach to bearing fault detection learns the complex fault-relevant features 

in the envelope spectra of vibration signals. The quality of these features significantly affects fault detection 

accuracy. However, it is difficult to interpret these features due to their high dimensionality. To understand 

the implicit meaning of these features and uncover the reasons behind misclassifications, we embedded the 

high-dimensional features of the last convolutional layer in a two-dimensional space using t-distributed 

stochastic neighbor embedding (t-SNE). The resulting feature maps for the five tests are shown in Figure 

10. Each sample in a test dataset has input features of sizes 1×2000 (CNN) and 1×873 (CNN-S and the 

proposed physics-informed deep learning approach). The use of t-SNE allowed visualizing these high-

dimensional features in a two-dimensional map. We followed the standard practice for dimensionality 

reduction. Specifically, principal components analysis was first used to reduce the dimensionality of the 

features to 40. This first step sped up the computation of pairwise distances between the features and 

suppressed noise without losing much of the distance information [67]. We then used t-SNE to represent 

the 40-dimensional features in a two-dimensional map that preserved much of the significant relationship 

of the high-dimensional features. 
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(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 
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(j) (k) (l) 

   

 
(m) (n) (o) 

Figure 10. Visualizations of the learned features by CNN, CNN-S, and the proposed physics-informed deep 

learning approach using t-SNE on Test 1 (a) – (c), Test 2 (d) – (f), Test 3 (g) – (i), Test 4 (j) – (l), and Test 5 (m) 

– (o). The features were colored according to the health classes. Note the misclassifications refer to those which 

violate the physical knowledge.  

 
The following three observations can be made from the plot in Figure 10. First, when comparing CNN 

and CNN-S to the proposed physics-informed deep learning approach on Tests 1 through 5, it can be 

observed that the physics-informed deep learning approach had fewer misclassifications violating the 

physical knowledge. While CNN-S also considers some known physics of bearing faults (i.e., sub-band 

envelope spectrum), it is found that this included information was not sufficient to substantially reduce 

misclassifications violating the physical knowledge. This suggests that the customized data-and-physics-

driven loss function, used in the proposed approach, was the main reason for the reduction in 

misclassifications violating the physical knowledge.  

Second, the accurate fault detection results (the overall mean accuracy is 96.94%, 96.99%, and 97.27% 

for CNN, CNN-S, and the physics-informed deep learning approach, respectively) can be explained by the 

well-separated health classes as shown in Figure 10. The clear separations suggest the models were able to 

identify the boundaries between different classes, and when they were not able to discern a hard boundary, 

some misclassifications occurred. 

Third, a majority of the misclassifications by the physics-informed deep learning approach were located 

near the boundaries of individual clusters, indicating that these misclassified samples may not possess 

distinguishable features, which makes it difficult for the approach to correctly determine the health classes.  

 

5.1.3. Effect of the number of layers 

It is well known that the performance of a CNN model heavily depends on the number of convolutional 

layers. We conducted a parametric study to empirically investigate the effect of the number of convolutional 

layers on the fault detection accuracy and the training time and memory required by the CNN models used 

in this work. Figure 11 graphically illustrates the sensitivity of the CNN model to the number of 

convolutional layers. 
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(a) (b) 

Figure 11. Validation accuracy (a) and training time and memory consumption (b) for a different number 

of convolutional layers. Ten different training and validation sets were generated to plot the error bars 

showing the sensitivity of the CNN model to the number of convolutional layers. 

 

The following three observations can be made from Figure 11. 

First, when comparing the model with three convolutional layers to the model with five convolutional 

layers, the model performance improved sharply as the number of convolutional layers increased. This is 

not surprising as deeper neural networks can learn more complex functions mapping the input to the output. 

However, this model performance decreased slightly after the number of convolutional layers exceeded 

five, indicating that the models with more layers may suffer from overfitting. These results suggest that 

selecting an inappropriate number of convolutional layers may lead to a decrease in the fault detection 

accuracy. 

Second, the training time and memory increased as the number of convolutional layers increased. This 

is again expected, as a deeper neural network with a larger number of convolutional layers generally has a 

larger number of parameters to optimize during training.  

Considering the fault detection accuracy and the required training time and memory, the final CNN 

model used in the proposed physics-informed deep learning approach contained five convolutional layers. 

The results reported in the other sections of Case Study 1 were produced using this network depth. 

5.1.4. Sensitivity to sub-band width 

The input to the CNN model consisted of a sample matrix with a fixed size [1,873], corresponding to a 

5% sub-band width. To investigate the sensitivity of the CNN model with regard to the input size, we 

created input matrices of different sizes, including [1,748], [1,817], [1,873], [1,987], and [1,2000], 

corresponding to 3%, 4%, 5%, and 6% sub-band widths, and the entire envelope spectrum, respectively. 

Note that when the size of a sample matrix is equal to [1,2000], the entire envelope spectrum is used without 

any adjustment to the input matrix size. Figure 12 shows the performances of the CNN models with the 

various input matrix sizes. Note that all of the considered CNN models consisted of five convolutional 

layers. 
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Figure 12. Validation accuracy vs. sub-band widths. Ten different training and validation sets were 

generated to plot the error bars, which show the effect of the sub-band width (%) on the accuracy of the 

CNN model. For simplicity, E denotes the entire envelope spectrum without any adjustment to the input 

matrix size. 

 
The following three observations can be made from Figure 12. 

First, the CNN models with 4%, 5%, and 6% sub-band widths performed better than the model that took 

the entire envelope spectrum as the input, indicating that the designed sub-band envelope spectrum enables 

higher fault detection accuracy. Compared to the model with the input as the entire envelope spectrum, the 

model that takes the input sub-band envelope spectrum has fewer input features and then emphasizes 

features closer to the fault characteristic frequencies and their harmonics, which potentially carry more 

fault-relevant information. 

Second, the model performance gradually increased while the sub-band width was less than 5%. This 

increase can be explained because the higher sub-band widths include more fault-relevant features in the 

inputs to the CNN model compared to the smaller sub-band widths. 

Third, the model with a 6% sub-band width performed worse than the model with a 5% sub-band width. 

One possible reason is that this width rate included some non-fault-relevant features that might mislead the 

CNN model. It is also reasonable to consider that including redundant features may reduce the fault 

detection accuracy. 

Considering the overall performance of each considered CNN model, we chose to use a 5% sub-band 

width in this study, corresponding to an input matrix size of [1,873]. 

 

5.1.5. Computational efficiency 

In this subsection, we compare the proposed physics-informed deep learning approach with CNN and 

CNN-S in terms of computational time and memory usage. This comparison was conducted on an Intel 

Core i7-8700 CPU @ 3.2 GHz equipped with an NVIDIA Titan Xp GPU with 12 GB GDDR5X memory 

and 64 GB of system RAM. The Python code used to construct and optimize all the approaches were written 

by the authors. To minimize the effects of randomness during the measurements, we generated ten different 

training and validation datasets and executed each on each dataset one time. Table 11 summarizes the mean 

computational times over the ten runs. 
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Table 11. Comparison of computational time and memory usage on ten different training and validation 

datasets 

Approach CNN CNN-S 
Physics-informed deep learning 

approach 

Training time (s) 126.361 101.294 103.924 

Test time (s) 0.067 0.045 0.045 

Memory (GB) 2.676 2.402 2.404 
 

It is not surprising that the training of a CNN model that takes the entire envelope spectrum as the input 

required more time than did the training of a CNN model with the input sub-band envelope spectrum (CNN-

S). Despite the physics-informed deep learning approach consisting of both a CNN and a threshold model, 

the computational times and memory usage were similar to CNN-S. The similar levels of computational 

time and memory usages for these two approaches suggest that integrating the threshold model does not 

incur a heavy computational burden. 

5.2. Case Study 2: fault detection of CWRU ball bearings 

In this subsection, an open-source dataset from the Case Western Reserve University (CWRU) Bearing 

Data Center [68] was employed to further investigate the performance of the proposed physics-informed 

deep learning approach in bearing fault detection. As a standard reference in the bearing diagnostics field, 

the CWRU dataset has been widely used to evaluate the performance of a machine learning model in 

bearing condition monitoring and fault detection. The CWRU dataset uses deep groove ball bearings 

manufactured by SKF and considers three types of bearing faults: inner race faults, outer race faults, and 

ball faults. An electro-discharge machining (EDM) circular point slot defect was introduced to a bearing 

using electro-discharge machining. The three sizes of manual faults had diameters of 0.007, 0.014, and 

0.021 inches, respectively. The data was collected at both the drive end and fan end, sampled at a frequency 

of 12 kHz with speeds of 1730, 1750, 1772, and 1797 rpm. Compared with Case Study 1 where the 

rotational speeds of the bearings were time-varying, the fault detection task for the CWRU dataset is less 

challenging since the bearings in this dataset were tested at constant speeds.  
In this task, we used data collected from seven bearings at the drive end.  Among these seven bearings, 

one was healthy and the other six were faulty (see the fault sizes in Table 12). Each bearing has four 

vibration signals corresponding to the four speeds. Each vibration signal was split into two sub-signals. The 

first sub-signal was used to generate training data. Specifically, the sub-signal was subjected to a 

segmentation process using a fixed-size window of 4,096 data points. The second sub-signal went through 

a similar process to generate test data. The test data was divided into four subsets (i.e., Tests 1, 2, 3, and 4), 

each at one of the four speeds.  

 

Table 12. Summary of fault sizes in Case Study 2 

Fault type Fault location 
Fault size 

Severity level 
Diameter (in) Depth (in) 

Inner race Inner raceway 
0.007 0.011 Light damage 

0.021 0.011 Heavy damage 

Outer race Outer raceway 
0.007 0.011 Light damage 

0.021 0.011 Heavy damage 

Rolling element Ball 
0.007 0.011 Light damage 

0.021 0.011 Heavy damage 

 

Table 13 summarizes the fault detection accuracy by SVM, RF, CNN, and the proposed physics-

informed deep learning approach. The CNN model mainly consisted of five convolutional layers and one 



24 

 

dense layer. This network architecture ensured satisfactory accuracy in fault detection. The values of the 

hyper-parameters used in training SVM, RF, and CNN were optimized prior to testing. The physics-

informed deep learning approach consisted of a deep CNN model and a threshold model. The deep CNN 

model had the same network architecture as CNN. Thresholds 1 and 2 of the threshold model were 16 and 

400, respectively. The model input features (i.e., the vibration amplitudes in the frequency sub-bands in the 

envelope spectrum) were identified using fault characteristic frequencies 𝑓𝑅𝐷 = 4.71 Hz, 𝑓𝑂𝑅𝐷 = 3.58 Hz, 

𝑓𝐼𝑅𝐷 = 5.42 Hz and a 5% sub-band width. The weight factors 𝛼 and 𝛽 of the data-and-physics-driven loss 

function were both set to a constant of 0.05. This setting enabled the physics-informed deep learning 

approach to produce good accuracy in fault detection. As shown in Table 13, the SVM and RF models 

achieved exactly or nearly 100% accuracy in tests 3 and 4, and the CNN model and physics-informed deep 

learning approach achieved exactly or nearly 100% accuracy in all tests. The comparable accuracy between 

the three existing machine learning approaches (SVM, RF, and CNN) and the proposed physics-informed 

deep learning approach further verified that the proposed approach was an effective tool for bearing fault 

detection. 

 

Table 13. Fault detection results by SVM, RF, CNN, and the physics-informed deep learning approach on 

the CWRU dataset 

Approach Input size Layer 
Accuracy (%) 

Test 1 Test 2 Test 3 Test 4 

SVM [1,2000] - 98.50 98.00 100.00 99.91 

RF [1,2000] - 97.71 97.86 100.00 99.93 

CNN [1,2000] 5 Conv + 1 DC 99.93 99.64 100.00 99.90 

Physics-informed deep 

learning approach 
[1,873] 5 Conv + 1 DC 99.64 99.90 99.90 99.90 

 

6. Conclusion 

In this study, we proposed a physics-informed deep learning approach for bearing fault detection. The 

proposed approach integrates a simple threshold model and a deep convolutional neural network (CNN) 

model. The physical knowledge and deep learning methods, both of which are essential to bearing fault 

detection are intelligently combined through a customized data-and-physics-driven loss function. This loss 

function incorporates the known physics of bearing faults from the threshold model into the CNN model’s 

training process to address the challenge of physics scarcity in the CNN model. The effectiveness of the 

proposed physics-informed deep learning approach was verified using data acquired from 18 roller bearings 

on an agricultural machine operating in the field (Case Study 1) and from ball bearings of the Case Western 

Reserve University (CWRU) Bearing Data Center (Case Study 2). t-stochastic neighbor embedding (t-SNE) 

was employed to visualize the features learned by the deep learning models. The visualization offered 

meaningful insight into the reduction of misclassifications violating physical knowledge. The verification 

and visualization results demonstrate that the integration of data-driven learning and physics-informed 

modeling can improve bearing fault detection accuracy and reduce the likelihood of false alarms. 

In the two case studies, the proposed physics-informed deep learning approach has shown plausible 

benefits for bearing fault detection as compared to two more data-driven approaches. However, these two 

case studies are limited in the nature of defect geometries, viz. single-point peck milling slot (Case Study 

1) and circular point slot (Case Study 2). Our future work will investigate the applicability of the proposed 

physics-informed deep learning approach to the detection of more minor defects such as cracks that may 

produce similar characteristic frequencies to those produced by grooves and point defects  [69-70]. This 

future investigation will allow us to more thoroughly study the effectiveness of the proposed approach in 

bearing fault detection. 
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