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Abstract—Deep Learning (DL) provides considerable opportu-

nities for increased efficiency and performance in fault diagnosis.

The ability of DL methods for automatic feature extraction

can reduce the need for time-intensive feature construction and

prior knowledge on complex signal processing. In this paper,

we propose two models that are built on the Wide-Kernel Deep

Convolutional Neural Network (WDCNN) framework to improve

performance of classifying fault conditions using multivariate

time series data, also with respect to limited and/or noisy training

data. In our experiments, we use the renowned benchmark

dataset from the Case Western Reserve University (CWRU)

bearing experiment [1] to assess our models’ performance, and

to investigate their usability towards large-scale applications by

simulating noisy industrial environments. Here, the proposed

models show an exceptionally good performance without any

preprocessing or data augmentation and outperform traditional

Machine Learning applications as well as state-of-the-art DL

models considerably, even in such complex multi-class classifica-

tion tasks. We show that both models are also able to adapt well

to noisy input data, which makes them suitable for condition-

based maintenance contexts. Furthermore, we investigate and

demonstrate explainability and transparency of the models which

is particularly important in large-scale industrial applications.

Index Terms—Fault Diagnosis, Multivariate Signals, Time

Series Data, Deep Learning, Industrial Application

I. INTRODUCTION

Fault diagnosis has been widely used on industrial machin-
ery [2], [3]. Traditionally, fault diagnosis consisted of physics-
based models that require prior knowledge of the underlying
processes and are unable to update with vast amounts of
data [4], [5]. More recently, intelligent fault diagnosis was
introduced with the development of the Industrial Internet of
Things (IoT) and data-driven techniques that automatically
gather and analyze data from machinery [5], [6]. These tech-
niques are adaptable to new measurements, and require little
prior knowledge of the underlying processes. With the avail-
ability of large-scale training data and computational power,
Deep Learning enables powerful approaches for intelligent
fault diagnosis. This paper focuses on such methods and
proposes domain specific improvements to distinguish fault
conditions well, even when training data is limited.

According to [7] and [8], around half of the broken ma-
chinery in industry is caused by rolling bearing element faults.
These bearing elements are part of the rotating mechanism of
industrial machines and are subject to degradation. In order

to measure the behavior of a bearing element, sensors are
placed on the designated parts of the machine that record
vibration signals [9]. These signals have successfully proven
to display the underlying condition of the rolling bearing
element particularly well [10]. However, raw signals collected
from machines usually contain noise and require complex and
time-consuming signal processing techniques to extract useful
information [9], [11]. Therefore, the use of Deep Learning al-
gorithms gained popularity due to their ability to automatically
extract features from complex multivariate data by identifying
patterns from the input data [10]. These models do not only
provide options for saving time in modeling and deployment,
but are also usually less prone to errors, and typically do not
require a lot of often costly domain knowledge.

This paper focuses on advanced Deep Learning architectures
concentrating on bearing fault diagnosis. Here, we also inves-
tigate aspects of explainability and transparency of the learned
model which is crucial, e. g., for decision making in industrial
processes. Our contributions are summarized as follows:

1) We propose two improved models based on the Wide-
Kernel Deep Convolutional Neural Network (WD-
CNN) [11] specifically designed to process multivariate
time series. We present an improved version with a tem-
poral extension (WDTCNN), better accommodating time
dependencies, and a novel version using a multi-channel
CNN that processes time series in parallel (WDMTCNN).

2) We perform a thorough evaluation of the models in a
complex multivariate classification task using the stan-
dard benchmark CWRU bearing dataset, for assessing
its performance (a) with limited training data, (b) larger
sets of fault conditions, and (c) under (simulated) noisy
environments, better resembling real-world contexts.

3) Finally, we investigate important aspects relating to the
explainability of the models’ architectures and thus trans-
parency of the learned models by visualizing learning
throughout each convolutional layer.

The rest of the paper is organized as follows: Section II
discusses related work. After that, Section III introduces the
proposed methods and models. Next, Section IV discusses the
experiment and results in detail. Finally, Section V concludes
with a summary and outlook on interesting future directions.
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II. RELATED WORK

Below, we discuss related work on fault diagnosis and
respective Deep Learning approaches for time series analysis.

A. Fault Diagnosis

Fault diagnosis is a prominent technique in industrial ap-
plications, relying on large-scale time series data. In general
– within industrial operations – condition-based maintenance
(CBM) is used to make decisions regarding maintenance of
machinery by monitoring its condition [12]. Fault diagnosis
is a technique used for CBM that can be split into three
tasks; (1) determine the state of equipment, (2) detect failures
and locate the origin, and (3) forecast fault development over
time [13], where this paper focuses on the first task. Fault
diagnosis is often used in industrial processes where faults
in rotating machinery frequently occur [7]. Recently, fault
diagnosis has become more data-driven with improved com-
putational power, and the collection of large-scale time series
data of multivariate signals by the corresponding sensors.
Overall, sensors essentially record measurements that explain
the condition of the machinery over time (e. g., temperature
or vibrations) [10]. Here, such one-dimensional continuous
signals might deviate depending on the state or settings of the
machine. Changes in the measurements without adjustments
to the machine could indicate a faulty state of the underlying
parts. For further analysis, the signals from sensors can be
digitized into numerical time series data. However, extensive
feature extraction is necessary for accurately diagnosing fault
conditions [5], [11].

Traditionally, the extraction of representative features for
classifying complex signals is done in several ways; by
analysis on the time-domain (e. g., statistical measures such
as mean and standard deviation), frequency-domain using
Fourier transformations [9], or time-frequency domain with
wavelet transformations [14], [15]. After extraction, features
are selected, e. g., [16] and algorithms are used to reduce the
dimensionality of these features, before feeding the data to a
classifier, e. g., [17] preprocessed the original time series data
using information entropy before utilizing a neural network.

In this paper, we focus on automated feature extraction
using complex time series data, i. e., multivariate signal
data in a fault diagnosis context. We apply a well-known
benchmark dataset for evaluating our proposed novel Deep
Learning methods. In particular, we investigate the impact of
added noise on the data in order to estimate robustness of the
presented methods in complex fault diagnosis domains.

B. Deep Learning

With the rise of Deep Learning methods, such computa-
tional approaches enable powerful processing and learning on
complex data, with the benefit of learning and abstracting from
the data using sophisticated architectures. In particular, often
relationships in the data can be exploited via automatic feature
construction and refinement approaches, e. g., for complex
classification tasks.

Fault diagnosis is one example of using complex multi-
variate signal data. Altogether, throughout the last decade,
research in using neural networks for complex classification
tasks has received significant interest. Initially, the Multi-layer
Perceptron (MLP) was adopted where all layers of the network
are fully connected [18]. However, the depth of these networks
is limited due to the considerable increase in computation time.

The development of Recurrent Neural Networks (RNN)
such as the Long Short-term Memory (LSTM) networks
showed promising results as it is able to handle one-
dimensional time series data (e. g., signals) without losing
long-term dependencies [19]. Simultaneously, the use of au-
toencoders emerged rapidly because of their ability to reduce
the dimensionality of the data and handle noisy signals while
creating useful representations [20], [21]. Nonetheless, one
main drawback of a RNN is that it tends to train slowly
due to its excessive memory use. To solve the problem for
long training times for RNN models, hybrid models using
autoencoders as feature extractors were developed [22]. This
method improved performance, but also increased complexity
and reduced interpretability of the model.

Convolutional Neural Networks (CNN) were already suc-
cessfully deployed in visual analysis tasks such as image
classification and video recognition [23]. In general, a CNN
functions as a regularized MLP and is specialized in process-
ing two-dimensional data representing image pixels and color
channels. Initially, time series data needed to be transformed
with signal processing techniques into a two-dimensional
representation in the time-frequency spectrum or using wavelet
transformations before utilizing a CNN [15], [24].

C. Deep Learning for Fault Diagnosis
Deep Learning algorithms have already been deployed in

fault diagnosis and machine health scenarios. One of their dis-
tinct advantages is their capability of learning complex features
of the input data automatically, neglecting costly approaches
for manual feature construction and refinement. One of the first
Deep Learning applications in fault diagnosis was the use of
the MLP [25]. Later on, the use of RNNs [19] and CNNs [5],
[26] is extensively applied in fault diagnosis where they have
demonstrated considerable performance gains. Furthermore,
CNN approaches that combine manual data transformations
have been proposed several times [6], [27]. In [3], a one-
dimensional (1D) CNN was successfully developed that could
process raw signals by combining automatic feature extraction
with classification. These 1D CNNs are also able to handle
noise well and can be trained with limited data [28].

In this paper, we focus on the multivariate setting. Com-
pared to existing approaches, our models are thus specifically
designed to process multivariate time series data and utilize the
temporal properties to improve performance when determining
the state of rotating equipment. In addition, we focus on
complex time series data, investigating the impact of noise
on the classification performance of the proposed methods. In
this sense, we also simulate added complexity for the fault
diagnosis task, given limited training data for modeling.



III. METHOD

The performance of a CNN in fault diagnosis heavily
depends on its architecture and the quality of the data. Signals
from industrial machinery, for example, regularly contain
substantial amounts of noise. Here, [11] proposed a model for
fault diagnosis that uses a wide-kernel in the first convolutional
layer to extract features and filter out noise, followed by layers
with small kernels to improve the representation of the learned
features. The first proposed model extends on this principle
while focusing on the temporal aspect of multivariate time
series data. Our second proposed model exploits a wide-kernel
in the first convolutional layer with a multi-channel CNN
that processes time series in parallel. Below, we discuss both
models in detail. In addition, a supplementary page1 is made
available containing the proposed models.

1) The Wide-kernel Deep Temporal CNN (WDTCNN) is
designed for processing time series data divided into sequences
of equal length. The first layer exploits a wide-kernel that
extracts features from low frequency bands followed by layers
with smaller kernels to improve the representation of the
extracted features [11]. The filters and kernel size in the first
layer are specifically designed to function as a feature extractor
by transforming the input without reducing its dimensionality.
To accommodate for time dependencies [29], [30], the model
uses local average pooling instead of max pooling after every
convolutional layer to reduce the vector size of the convo-
lutional output with length T by steps of two resulting in a
pooled output length of T

2 . In total, the model consists of five
convolutional layers supported by two fully connected (FC)
layers. We present the layout of the proposed model in Table I.

2) The Wide-kernel Deep Multi-channel Temporal CNN
(WDMTCNN) is inspired by the concept of splitting multi-
variate time series into separate dimensions, i. e., univariate
time series and was first proposed by [31]. Similar to the
WDTCNN, the WDMTCNN uses a wide-kernel with filters
in the first convolutional layer to transform the input without
any representation loss. However, the model has two separate
inputs, each for a univariate time series that are processed in
parallel by separate CNNs, resulting in independent feature
representations of both time series. The two CNNs contain
five convolutional layers with local average pooling. After
the final convolutional layer, the CNNs are merged into one
overarching model where the outputs are fed to two FC layers.
The architecture of the WDMTCNN is visualized in Table II.

A. Parameter Settings
The proposed models deviate in their architecture, but use

similar parameter settings. Below, we provide an overview of
the parameters used in both models.

• Normalization: During training, the distribution of each
layer’s input changes, thus slowing down the training.
Batch normalization (BN) is designed to accelerate this
training process by reducing the effect of internal co-
variance [32]. In our research, BN is initialized before

1https://github.com/JvdHoogen/ImprovedCNNinFaultDiagnosis

the activation function. BN normalizes each dimension k
for every input x where the expectation and variance of
the training set are computed:

bx(k) =
x(k) � E

⇥
x(k)

⇤
q
Var

⇥
x(k)

⇤ . (1)

Normalizing every input may change what the layer
represents, especially when this concerns nonlinear repre-
sentations. To account for this constraint, BN is equipped
with a shift and scale function for each activation:

y(k) = p(k)bx(k) + q(k) , (2)

where parameter p(k) and q(k) scale and shift each acti-
vation x(k). These parameters are simultaneously learned
with the original parameters in the model and restore the
representation power of the network.

• Activation: In every convolutional block, the ReLU acti-
vation function is employed to account for non-linearities
in the convolutional output. ReLU has proven to be
efficient in its computations and is therefore the most
common used activation function. It is formalized as:

ReLU(x) = max {0, x+N(0,�(x))} , (3)

where x represents the outputs of the convolutional
operation and N(0,�(x)) represents Gaussian distributed
noise with mean 0 and variance �(x).

• Fully Connected Layer: The models are equipped with
a FC layer before the final classification layer. This FC
layer is identical to standard fully connected layers in a
MLP and is used to detect global compositions of the
final convolutional output. The FC layer is denoted as:

FCl = f
�
!l ⇤ xl + bl

�
, (4)

where !l is the weight matrix and xl is the input for the
FC layer, represented by a flattened vector of the output
from the last pooling layer, for layer l. ⇤ denotes a dot
product operation and bl a bias term. f(·) represents the
Sigmoid activation function that is used in the FC layer
and is followed by dropout regularization of 0.5.

• Classifier: Both models employ a Sigmoid classifier in
the final layer, which can be denoted as:

� (xi) =
exi

1 + exi
, (5)

where x represents the value of the i-th output from
the previous FC, and e represents Euler’s mathematical
constant. We used Sigmoid because of its strength in clas-
sifying signals with an arbitrary length where deviations
between classes are small and therefore each probability
should be calculated independently. Using this classifier
does increase computation time compared with the widely
adopted Softmax classifier. However, due to the limited
amount of training data, the increment in computation
time is assumed negligible.



TABLE I: Architecture of the WDTCNN.

Layer Layer Kernel Stride Filter Output Padding Parameters
No. Type Size Number Shape

1 Convolution 1 64 x 1 16 32 128 x 32 Same 4256
2 Pooling 1 2 x 1 2 32 64 x 32 Valid 0

3 Convolution 2 3 x 1 1 32 64 x 32 Same 3232
4 Pooling 2 2 x 1 2 32 32 x 32 Valid 0

5 Convolution 3 3 x 1 1 64 32 x 64 Same 6464
6 Pooling 3 2 x 1 2 64 16 x 64 Valid 0

7 Convolution 4 3 x 1 1 64 16 x 64 Same 12608
8 Pooling 4 2 x 1 2 64 8 x 64 Valid 0

9 Convolution 5 3 x 1 1 64 6 x 64 Valid 12608
10 Pooling 5 2 x 1 2 64 3 x 64 Valid 0

11 Flatten 192 1 192 x 1 0
12 FC Layer 100 1 100 x 1 19300
13 FC Classifier 25 1 25 x 1 2525

TABLE II: Architecture of the WDMTCNN with parallel CNNs for both Time Series (TS).

TS 1 TS 2 Layer Kernel Stride Filter Output Padding Parameters
Type Size Number Shape

1 6 Convolution 1 64 x 1 16 16 128 x 16 Same 2208
2 7 Pooling 1 2 x 1 2 16 64 x 16 Valid 0

3 8 Convolution 2 3 x 1 1 32 64 x 32 Same 3392
4 9 Pooling 2 2 x 1 2 32 32 x 32 Valid 0

5 10 Convolution 3 3 x 1 1 64 32 x 64 Same 12928
6 11 Pooling 3 2 x 1 2 64 16 x 64 Valid 0

7 12 Convolution 4 3 x 1 1 64 16 x 64 Same 25216
8 13 Pooling 4 2 x 1 2 64 8 x 64 Valid 0

9 14 Convolution 5 3 x 1 1 64 6 x 64 Valid 25216
10 15 Pooling 5 2 x 1 2 64 3 x 64 Valid 0

11 16 Flatten 1 192 1 192 x 1 0
17 17 Merge 384 1 384 x 1 0

18 18 FC Layer 100 1 100 x 1 38500
19 19 FC Classifier 25 1 25 x 1 2525

• Optimization: The networks are optimized using an Adam
stochastic optimizer. It leverages the power of adaptive
learning rates for every individual parameter. The op-
timizer is computationally efficient and requires little
memory, which makes it suitable for models with many
trainable parameters. More specifically, Adam works well
for signals that are non-stationary and often contain
noise [33]. Adam optimization can be denoted as:

gt = r✓f
t
�
✓t�1

�

mt
✓ = �1m

t�1
✓ + (gt � �1gt)

vt✓ = �2v
t�1
✓ +

�
g2t � �2g

2
t

�

bm✓ =
mt

✓

1� (�1)t

bv✓ =
vt✓

1� (�2)t

✓t = ✓t�1 � ↵ · bm✓

(
p
bv✓ + ✏)

. (6)

Here, f(·) represents the stochastic objective function
with parameters ✓t at epoch t resulting in gradient gt.
The first and second biased moment estimate are denoted
as mt

✓ and vt✓ where �1 = 0.9 and �2 = 0.999 represent
the decay rates. bm✓ and bv✓ represent the bias-corrected
momentum. The corrected momentum are used to update
the parameters ✓t using a default learning rate ↵ = 0.001
and ✏ = 10�8.

• Loss Function: Both networks use mean squared error
(MSE) to calculate the loss function, which is commonly
used in regression tasks instead of classification tasks.
However, MSE is able to make smaller deviations be-
tween values, which we assume to be useful for the task at
hand, where certain fault conditions appear to be similar.
MSE is calculated as the average of the squared dif-
ferences between the predicted ŷ and actual values y
where the model punishes larger differences. MSE can
be denoted as follows:

MSE =
1

n

nX

i=1

(yi � ŷi)
2 . (7)



Fig. 1: Example signal of the vibrations from both sensors. The
red box indicates the length of one data sample (sequence).

IV. EXPERIMENT AND RESULTS

For evaluation, we apply data from the bearing fault ex-
periments conducted by Case Western Reserve University
(CWRU) [1]. In these experiments, damages were inflicted on
the bearing of a rotating machine. One sensor was placed on
each of the two sides of the machine, respectively; drive-end
and fan-end, to measure vibration signals shown in Figure 1,
resulting in two time series. The 12k fan-end bearing fault
experiment was selected due to its unbalanced fault conditions
with motor load 0 and 2, respectively 1797 RPM and 1750
RPM motor speed. In addition to the fault conditions, there
are two normal conditions for each motor load.

The applied CWRU dataset [1] has been utilized in numer-
ous studies, e. g., [11], [27], [28], [34]–[36]. For fault diagnosis
it can be regarded as a de-facto benchmark dataset, since it is
freely available and similar to prominent industrial application
contexts, where data can unfortunately usually not be made
freely available. For this reason, we have opted for the CWRU
dataset. In addition, we facilitate analysis using the dataset by
incorporating the rich set of provided class labels and advanced
experimentation on simulated noisy environments which are
often rather complex for common machine learning models.

A. Experiment
The three fault types in the experiment are 0.007, 0.014 and

0.021 inch, respectively. For every fault type, there are five
bearing fault locations (ball, inner race, outer race opposite,
outer race orthogonal and outer race centered). In total, there
are 25 different classes due to missing measurements in the
outer race positions. We specifically chose to count every
condition as a separate class to increase complexity of the
task and limit the number of data samples per class. The
data samples are generated by segmenting the two time series
into sequences of 2048 data points without overlap. This
sequence length is widely used in previous studies for efficient
implementation of the FFT algorithm that is known as a robust
baseline [11], [28], [37].

In total, there are 1710 sequences available as input for
the proposed models. The number of instances for every fault
condition is mostly equal where deviations occur in rounding
the separate data points to full sequences. The two normal
conditions (fault diameter: None) deviate in the number of

samples where the condition with motor load 0 is two times
larger and the condition with motor load 2 is four times larger
than the fault conditions. The conditions with the number of
data samples are shown in Table III.

80% of the dataset is used for training and 20% for testing,
respectively 1362 and 348 samples. The train set is then par-
titioned into 80% train and 20% validation samples. We used
k-fold cross validation with k = 5 to assess the generalizability
of the trained model to independent data. Besides validation
in every fold, the trained model is also used to predict unseen
test data that remains constant throughout every fold. The final
accuracy score is then averaged across every kth-fold. It is
important to note that we focus on accuracy as a metric due to
the multi-class setting and also for comparison to competing
approaches in related work, where only accuracy is applied
as a metric [11], [27], [28]. However, we also report further
metrics to allow for an extended picture of the algorithmic
performance.

B. Results
Our models are compared with a SVM classifier that pro-

cesses features in the time and frequency domain [38], and is
trained on 80% of the data. In this way, we apply the SVM as a
prominent baseline, as a standard machine learning technique,
which is also often used for fault diagnosis, e. g., [36]. With
the use of a grid search, 640 different SVM models were fitted.
In addition, the proposed models are compared with the state-
of-the-art WDCNN model [11].

Overall, our experiments indicate that the SVM classifier
is able to classify over 80% of the unseen data correctly.
However, the performance of the neural networks is con-
siderably higher. This indicates the superior performance of
Deep Learning methods in this context and demonstrates the
potential in general onto intelligent fault diagnosis. Please
note, that in comparison to other standard approaches the
presented Deep Learning methods do not require domain
specific knowledge or complex preprocessing steps – like
signal processing for constructing complex features – while
still showing an impressive performance. Nevertheless, of
course such knowledge and/or approaches could be combined
with the proposed approaches.

Overall, within the different applied CNN-based methods,
all models show high accuracy scores. However, the novel
methods, i. e., the WDTCNN and WDMTCNN outperform
the given baseline WDCNN model with more than 2% as
shown in Table IV. Furthermore, for an extended investigation
of the results we applied further metrics, i. e., Precision, Recall
and F1-score. These metrics are calculated by a weighted
macro average across all classes, while considering imbal-
anced classes. When considering these metrics, the results
indicate no particular deviations compared to the accuracy
metric; basically we observe the same trends as for the
accuracy, confirming our initial findings.

For a more detailed view of the results, Figure 2 shows
the normalized confusion matrices for the worst and best
performing model. In these confusion matrices, we indicate all



TABLE III: Number of data samples (sequences) for every of the 25 fault conditions based on fault diameter (inch), motor
load and motor speed (RPM).

Fault Motor Motor Fault Location

Diameter Load Speed

Outer

Ball Inner Opp Orth Cen None

0.007 2 1750 59 59 59 59 59
0 1797 59 59 59 59 59

0.014 2 1750 59 59 - 59 -
0 1797 59 59 - 59 59

0.021 2 1750 59 59 - 58 -
0 1797 59 59 - - 58

None 2 1750 236
0 1797 119

different fault conditions used as target labels for classification
instead of the full name of every fault condition to improve
the readability. As we can observe in the figures, the SVM has
difficulties to classify several fault conditions correctly. On
average, it gets approximately 20% wrong, whereas we can
observe that the WDMTCNN only misclassified one specific
sequence for a specific condition. It is important to note that
this only happened as averaged over our presented evaluation
method using five test sets. Therefore, these results indicate
that the proposed method is quite well-suited for identifying
bearing fault conditions in this application context, even when
considering all different fault conditions separately.

TABLE IV: Result metrics (%) for each of the models.

SVM WDCNN WDTCNN WDMTCNN

Accuracy 81.03 97.53 99.83 99.94

Precision 83.06 97.67 99.80 99.80

Recall 81.03 97.53 99.80 99.93

F1-score 80.91 97.50 99.80 99.93

C. Performance Under Noisy Environments
In real-world applications, clean signals are rarely gathered

due to external factors that influence the sensor (e. g., pulses
from other machinery). To estimate our models regarding
their potential usability in real-world situations, we designed
some specific experiments simulating noisy signals by adding
additive white Gaussian noise that is proportional to the clean
signals based on the signal-to-noise ratio (SNR), denoted as:

SNRdB = 10 log10

✓
Psignal

PNoise

◆
. (8)

Psignal represents the power of the original signal and
Pnoise indicates the power of the simulated noise. We used
a SNR between -4 and 10 dB with steps of two, where a SNR
of -4 dB indicates that the noise is four times more powerful
than the clean signal and vice versa. Table V and Figure 3
show the models’ performance with experiments adding noise
on different parts of the dataset, i. e., train and/or test set.

As expected, the models perform better when the noise
is a smaller proportion of the total signal. However, the
performance of both models deviates heavily depending on
the position of the implemented noise. The performance when
adding noise to the test set indicates that when the model
is trained on clean data, it becomes increasingly difficult to
classify noisy test data. Adaptive batch normalization (Ad-
aBN) could be a solution because it re-estimates the mean and
standard deviation of the test set [11]. Thus, AdaBN assumes
that prior statistical knowledge of the test set is available. We
expect that acquiring signals in any applied case would mean
that the whole dataset contains a certain amount of noise.
Relating to SNR levels of 2 and 4, even if considerable noise
is present in the data, the models still perform well.

D. Additional Experimentation
The results have shown that the proposed models are able to

distinguish the different fault conditions very well. However,
the original WDCNN model is also able to classify most
fault conditions correctly. To get a better understanding of the
models, and to verify the added value of the proposed models
compared to the original one, we tested their performance in
a more complex setting by extending the initial datasets used
(experiments with motor speed 1797/1750 RPM) with more
data from other motor speed levels. This leads to an increase
in the number of sequences, but also increases the amount of
conditions for the classification task and is therefore assumed
to be more complex. Table VI shows the performance of the
proposed models in comparison with the original WDCNN.

The results in terms of accuracy clearly indicate that the pro-
posed models outperform the original WDCNN when increas-
ing the amount of data and complexity of the classification
task. In the most complex setting, the best performing model
(WDMTCNN) almost reaches a 10% accuracy improvement
compared to the original WDCNN. In addition, the results
suggest that it depends on the specific experiment if the
complexity of the task at hand increases. As can be observed
in Table VI, adding the experiment with motor speed 1730
only slightly influences the accuracy of the models, where
adding the experiment with motor speed 1772 has a significant



Fig. 2: Normalized confusion matrices of the worst (left: SVM classifier) and best (right: WDMTCNN) performing model.

TABLE V: Accuracy scores (%) of the proposed models
under different noise environments. Column SNR indi-
cates the signal-to-noise ratio, while the measures below
the columns WDTCNN, WDMTCNN summarize their
performance.

SNR WDTCNN WDMTCNN

Train Test Train/Test Train Test Train/Test

-4 48.51 24.77 79.43 61.03 20.80 80.63

-2 75.63 43.51 87.87 80.17 45.92 88.68

0 89.66 61.26 90.98 89.20 56.15 92.70

2 93.91 77.30 92.13 92.36 68.51 94.54

4 96.61 87.18 94.43 97.82 83.68 97.13

6 96.61 95.86 98.33 97.87 90.29 98.10

8 98.97 98.45 98.85 98.33 96.95 97.59

10 97.93 99.25 97.99 98.56 96.55 99.20

Fig. 3: Visualization of the acccuracy scores (%) with dif-
ferent levels of SNR. The solid line represents WDTCNN,
the dashed line WDMTCNN.

impact on the overall accuracy. The underlying reason for this
change occurs in the misclassification of the normal conditions
between motor speed 1750 and 1772. These normal conditions
appear to be very similar and therefore more complicated for
the models to distinguish.

E. Visualizing Learning

Overall, neural networks as well as Deep Learning methods
are typically characterized as black box solutions. In general, it
is difficult to trace how and when a model learned the compo-
nents of its input, as well as identifying which components of
the input yield a specific output. This hinders the explainability
and transparency of the model – therefore it is often difficult
to make sense of the model [39] – compared to interpretable
machine learning methods, e. g., [40], [41]. As a first step in
this direction, we investigate visualization techniques on the
proposed method.

In particular – to shed light on the training process within
the layers of the proposed models, and in order to make
this more transparent – we used the t-SNE algorithm [42] to
visualize the high-dimensional outputs of every convolutional
layer. In general, the algorithm creates clusters in the data and
visualizes it in a two-dimensional way. Using t-SNE enables us
to visualize the learning process of the model by clustering the
outputs of each convolutional layer. These outputs are gathered
from the data samples in the test set. Figure 4 and 5 represent
the learning throughout the layers of the proposed WDTCNN
and WDMTCNN models.

As we can observe, both figures indicate that there is a
solid learning improvement in each convolutional step. The
first layer transforms the raw input signals, but is not able
to draw any clusters. In the second layer, two clusters emerge
that represent the normal conditions (with more data samples).
The third layer and the fourth layer improve the clustering



TABLE VI: Accuracy scores (%) of the models with added data and conditions. The measures below the columns WDCNN,
WDTCNN, WDMTCNN summarize their performance.

Motor Amount of Number of WDCNN WDTCNN WDMTCNN

Speed Sequences Conditions

1730 2595 37 97.16 99.32 99.55

1772 2593 37 79.05 86.36 88.79

1730/1772 3478 49 83.62 91.50 92.43

(a) Raw signals (b) Conv layer 1 (c) Conv layer 2

(d) Conv layer 3 (e) Conv layer 4 (f) Conv layer 5

Fig. 4: Feature representation for every convolutional layer in the
WDTCNN model. Each color represents a specific condition.

(a) Raw signals (b) Conv layer 1 (c) Conv layer 2

(d) Conv layer 3 (e) Conv layer 4 (f) Conv layer 5

Fig. 5: Aggregated feature representation – convolutional layers of
the WDMTCNN model. Each color represents a different condition.

drastically, where the last layer fine-tunes this into dense
clusters. The t-SNE visualizations indicate that every layer
considerably contributes to the performance of the models.
Using this technique, we can visualize the learning process
steps in order to gain insights into the included dependencies.

V. CONCLUSION

In this paper, we proposed two novel models: the WDTCNN
as a temporal extension of the WDCNN framework for
multivariate time series, and the WDMTCNN as a multi-
channel CNN processing time series in parallel. We applied
a standard benchmark dataset from the Case Western Reserve
University (CWRU) bearing experiment [1] in order to assess
the performance of the presented models. Furthermore, we
investigated their applicability and usability towards large-
scale applications in specific contexts, i. e., by simulating
data corresponding to noisy industrial environments. Both
models process raw signals directly and are able to distinguish
different fault conditions of the CWRU bearing dataset very
well, also while trained with limited data for every individual
fault condition.

In our evaluation, the presented models were extensively
tested on their performance in noisy environments by adding
noise to the signal based on SNR. In addition, the proposed
models showed a large performance improvement compared
with the original WDCNN when increasing the complexity
of the given task. These results indicate that processing every
time series separately (preferably in parallel) appears to be
most successful. Furthermore, visualizing the outputs of every
convolutional layer contributed to the explainability of the
proposed models by indicating hints on the learning process.

The relatively small deviations between models’ perfor-
mance in the classification task with and without added noise,
indicate that both models are well-suited for the task at hand,
even for more complex settings. It is important to note, that
while we applied a standard benchmark dataset for evaluation
we also included several variants and variations adding sim-
ulated noise, in order to investigate different conditions also
similar to real-world industrial contexts. However, our results
and findings here are specifically based on this particular
dataset and the applied variants.

For future work, we therefore also aim to provide a broader
view and assess further datasets in different industrial applica-
tions and investigate the usability of multi-channel CNNs for
multivariate time series in a semi-supervised manner, since
labeled data is rarely available in real-world applications.
Additionally, we aim to compare the presented models with
implementations using advanced feature-set-engineering meth-
ods, e. g., [43]. Furthermore, we aim to develop and extend
targeted methods for interpretable and explainable machine
learning, which can be integrated with the presented approach
or complement it, cf. [41], [44], [45].
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