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Abstract—Event-based cameras are an emerging type of 
Dynamic Vision Sensor. Unlike traditional standard cameras, 
they record the occurrence of brightness changes, which enables 
them to achieve low latency, high dynamic range, and high 
temporal resolution. To explore the application of contactless 
event data in machine fault diagnosis, this article draws 
inspiration from the similarity in data format between event 
data and 3D point cloud data. While point cloud data is widely 
employed in computer vision tasks, particularly in intelligent 
systems like autopilots and robots, its usage in industrial settings 
is scarce. This article presents one of the pioneering attempts in 
the current literature on using a 3D point cloud data algorithm 
to process event data for machine fault diagnosis. A geometric 
data structure is proposed to represent event information and a 
deep learning method on point cloud data is employed for 
classification to perform diagnosis tasks. The article conducts 
experiments on diagnosing rotating machine faults using event-
based cameras. It has been extensively validated that utilizing 
point sets derived from dynamic vision data captured by event-
based cameras can achieve high accuracy in fault diagnosis. 
Given their economic viability, installation flexibility, and data 
efficiency, event-based cameras emerge as a promising solution 
for non-contact monitoring of machine health conditions and 
fault diagnosis. 

Keywords-deep learning; event-based camera; fault diagnosis;  
machine vision; point clouds 

I. INTRODUCTION  

Intelligent machinery fault diagnosis has reached great 
success with big data-driven methods in the past decades [1-
7]. In the current literature, contact sensors such as 
accelerometers are generally used to measure vibration signals 
due to their high fault sensitivity[6,7]. Meanwhile, there is 
growing interest in non-contact sensors for their flexibility and 
portability in industrial applications[8,9]. Recently, 
contactless vibration sensors like radar-based, eddy current, 
and digital camera systems have been developed[10-14], each 
with its own performance, cost, and suitability tradeoffs. 
Therefore, it is necessary to find a suitable non-contact 
vibration sensor to establish a dataset for machine health 

condition monitoring and develop corresponding data 
processing frameworks and algorithms for fault feature 
extraction. Promisingly, Event-based cameras, which 
selectively respond to changes in pixel brightness, enable the 
collection of vibration signals from machines with high 
temporal resolution, making them hold great potential for 
achieving effective fault diagnosis performance [13,14].  

Recently, event-based cameras have been successfully 
developed to address various tasks across disciplines, which 
are utilized to collect dynamic vision data [15]. In [16], event-
based cameras were employed in self-driving vehicle 
situations", enabling the development of various assistance 
systems through the analysis of event-based machine vision 
data. Zhou et al. [16] introduced a vision-based navigation 
system that utilizes data captured by event-based cameras, 
demonstrating robust performance even in difficult lighting 
conditions, such as dim environments. In [18], Li presents the 
initial exploration of utilizing contactless dynamic vision data 
for machine fault diagnosis. The approach involves 
representing the data as a two-channel image-shaped 
representation, where the cumulative number of positive and 
negative events at each pixel is captured. A deep 
convolutional neural network (DCNN) designed for 2D data 
is employed for the analysis. The cumulative brightness 
change approach may offset some of the features related to 
brightness changes, whereas preserving each event 
independently would allow for better utilization of the unique 
characteristics of each point. By using relative coordinates 
together with brightness change features, we can capture 
event-to-event relations. Inspired by the similarities between 
event stream data and point cloud data, this article proposes 
the use of event-based machine vision data to construct point 
cloud datasets for contactless measurement of machine 
vibrations. 

Point cloud, as an important geometric data structure, has 
seen advancements in analysis techniques and application 
domains. In [19], a novel deep neural network PointNet is 
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designed to directly process raw point cloud data. Building 
upon this, [20] introduces the PointNet ++ network, which 
enhances the capability of point cloud data processing through 
the introduction of hierarchical structures, local feature 
extraction, and multi-scale feature fusion. In [21], a reliable 
robot navigation system utilizing 3-D point cloud matching 
between a captured observation and a stored reference map is 
presented. While point cloud technology has achieved 
significant success, its application in machine fault diagnosis 
is still limited. The use of network architectures designed for 
point sets provides an effective method for processing event-
based camera vision data, and the feasibility and effectiveness 
of this approach in solving fault diagnosis problems are well 
validated in this article. 

We evaluate the proposed method on a rotating machine 
test rig for fault diagnosis through the dynamic vision data 
collected from the event-based camera, and present the 
following key insights: 

1) A new event data processing framework is established, 
which incorporates fault periodicity feature extraction and 
fault spatial feature transformation techniques to construct the 
point cloud data sets.  

2) An enhanced algorithm, derived from PointNet++, is 
specifically designed for event representations after the 
transformation process and is adopted for fault pattern 
recognition.  

II. APPROACH 

A. Dynamic Vision Data Representation and Trans-
formation  

In our work, we use event-based cameras to obtain 
dynamic vision data. An event is sent by an activated pixel 
when its brightness change is above a predefined threshold at 
a specific time. The time sequence of the recorded events 
constitutes the dynamic vision data in machine condition 
monitoring. The pixel records the current brightness value and 
continues to monitor for subsequent changes above the 
threshold using the recorded value as a reference. The event is 
denoted as 𝒆 = [𝒙, 𝒚, 𝒕, 𝒑] where the spatial coordinates are 
followed by the timestamp of the event. 𝑝  indicates the 
polarity of the brightness change, which is set to positive or 
negative one, signifying an increase or decrease in brightness 
change of the pixel. The events are denoted as {𝒆𝒊}𝒊ୀ𝟏

𝒏𝒆   for 𝑖 =
1 to 𝒏𝒆, and 𝒏𝒆 is the total number of events recorded within 
a specific sample ROI during the data collection period 𝒕𝒆,𝒏.  
Here, 𝑛  means the rotating speed. Specifically, 𝒆𝒊 =
[𝒙𝒊, 𝒚𝒊, 𝒕𝒊, 𝒑𝒊]. 

This representation shares similarities with point cloud 
data. Taking the example of the data used by the PointNet 
algorithm, ModelNet40 consists of six dimensions, including 
the position of the point (𝑥, 𝑦, 𝑧)  and the surface's normal 
vector(𝑁௫ , 𝑁௬ , 𝑁௭)where the point is located. In the case of 
event data, x and y coordinates are referenced to the origin of 
the region of interest (ROI). In this study, the timestamp t is 
considered as a spatial concept, representing the z-axis. 
Additionally, the polarity (𝑝) serves as a feature of each point, 
like how a vector represents a feature in point cloud data. 

To elaborate, the proposed transformation approach 
considers the change in event brightness polarity over time as 
a variation in spatial coordinates. Instead of compressing 
features over time to form a 2-D image type sample by 

accumulating the polarity values of asynchronous positive or 
negative events, this event-based data transformation treats 
asynchronous events with different z-values. 

During a continuous operating period of the monitored 
machine, it is necessary to segment the continuous segments 
to obtain multiple 3D objects. The repetitiveness of fault 
characteristics can serve as a basis for dividing the samples, 
ensuring that samples with the same fault exhibit consistency 
and possess similar fault features. 

(i)fault periodicity feature extraction 

In terms of the temporal characteristics of machine failures, 
the brightness variations captured by the event camera exhibit 
periodic changes related to the rotation cycle of the machine. 
A notable observation is that the spectral peaks in the event-
based vibration spectrum align precisely with the bearing's 
rotation speed and fault mechanisms. Fig. 1 illustrates the 
event-based bearing vibration spectrum, where these 
characteristic frequency peaks can be clearly identified. 

Therefore, to ensure that each sample fully represents the 
fault properties occurring during a single rotation cycle, the 

data collection time 𝒕𝒆,𝒏 for each sample is set to 
𝟔𝟎

𝒏
. 

(ii)fault spatial feature transformation: 

To eliminate the influence of time units, the time values 
are normalized in the machine condition monitoring scenario. 
However, to preserve the spatial characteristics of the x and y 
variables without altering the shape of the fault features, 
standardization is applied to the x and y variables. The 
transformation approach leverages the characteristics of point 
cloud data to effectively represent event data, extracting 
meaningful fault features for analysis. The position of the 
transformed point cloud data is defined as: 

 

𝒛𝒊
′

=
𝒕𝒊 − 𝒕𝒎𝒊𝒏

𝒕𝒎𝒂𝒙 − 𝒕𝒎𝒊𝒏

൫1൯ 

𝒙𝒊
′

=
𝒙𝒊
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ඥ𝒙𝒊
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′
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Figure 1. Event-based vibration spectrum for ball fault under 1000r/min 
condition 
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B. Network Architecture  

In this article, Fig.2 illustrates the complete network 
architecture, which is designed for a classification task using 
a four-channel event representation as input. The model is 
based on the foundational framework of PointNet++, with a 
hierarchical feature learning approach for classification. 

The hierarchical feature learning approach consists of two 
levels of set abstraction and an additional PointNet level. 
Within each level, the point set feature learning process 
effectively captures point-to-point relations within local 
regions by utilizing both relative coordinates and point 
features.  

The set abstraction level is composed of three key layers: 
the Sampling layer, the Grouping layer, and the PointNet layer. 

Notably, the Sampling layer employs iterative farthest 
point sampling (FPS) to select a subset of  𝑁′  points from the 
input 𝑁 points to ensure representative coverage of the point 
set. The grouping layer incorporates multi-scale grouping 
(MSG) based on the PointNet++ algorithm, enabling each 
abstraction level to extract multiple scales of local patterns and 
integrate them into the global feature representation. Later, a 
max pooling layer is applied in the PointNet layer as a 
symmetric function to gather information from all the 
neighboring points around the centroid points. By taking the 
maximum value within the local region, the max pooling layer 
ensures the invariance of the network to the input sequence. 

The set abstraction level takes an 𝑁 ×  (𝑑 +  𝐶) matrix 
as input, where N represents the number of points, d represents 
the dimension of the coordinates, and 𝐶  represents the 
dimension of the point features. The output of the set 
abstraction level is an 𝑁′ × (𝑑 +  𝐶′) matrix, containing 𝑁′ 
subsampled points with updated features represented by 𝐶′. 
The sampling layer chooses 𝑁’ centroids so that the grouping 
layer takes as input the point set of size 𝑁 × (𝑑 +  𝐶) along 
with the coordinates of the centroids, which are of size 
𝑁′ ×  𝑑 . It produces multi-scale grouping information for 
these centroids, resulting in output groups of size 𝑁′ × 𝐾௜ ×
(𝑑 + 𝐶௜), where i ranges from 1 to s. Here, Ki represents the 
number of points in each group, determined by the radius of 
the ri ball, and s represents the total number of different scales. 
Each scale of grouping corresponds to a different feature 
vector length, denoted as 𝐶௜.  

In PointNet layer, each local region is abstracted by its 
centroid and a local feature that encodes information about the 
centroid's neighborhoods. For each of the 𝐾௜ points within a 

local region, a shared Multi-Layer Perceptron (MLP) is 
applied. This MLP consists of d fully connected layers with 
widths 𝒍𝟏𝒍𝟐, … , 𝒍𝒅, denoted as MLP [𝒍𝟏𝒍𝟐, … , 𝒍𝒅]. These layers 
perform feature extraction on each point within the local 
region followed by a max pooling operation. The features 
extracted from multiple scales of local patterns are then 
combined. As a result, the output data size becomes 
𝑁’ ×  (𝑑 +  𝛴𝐶௜) , where ∑ 𝐶௜ = ∑ 𝒍𝒅𝒊  

After two layers of 'S-G-P', the subsequent PointNet layer 
operates on the output of the previous layers. In this PointNet 
layer, a shared MLP is used to process all the input points N' 
and a max pooling operation aggregates the outputs into a 
single vector 1 ×   𝛴𝐶௜ . 

Finally, a fully connected layer with width 𝑓𝑐ଵ  is applied, 
followed by batch normalization, Rectified Linear Unit 
(ReLU) activation, and dropout regularization. The dropout 
rate is noted as 𝑑௣ , and it helps prevent overfitting by 
randomly dropping out a fraction of the neurons during 
training. A fully connected layer comprising 𝑓𝑐

ଶ
units is 

incorporated, and a softmax activation function is applied. 
Each neuron in this layer represents the confidence value for 
a different machine health condition. 

C. Process Overview  

We consider various machine health conditions to create 
multiclass classification problem in our work. Fig. 3 shows the 
overview of the intelligent machinery fault diagnosis 
technique. 

The event-based cameras collect of the monitored machine 
during its operation. Events are activated and captured under 
different setup environments. The raw event data undergoes 
the periodicity feature extraction and spatial feature 
transformation process to convert it into point cloud data 
representations, enabling further processing. To obtain 
samples, this study employs a method that involves randomly 
selecting regions of interest (ROIs) within the spatial domain 
of the coupler region (Fig.5). Subsequently, the classification 
network is set up and undergoes a training phase where it 
learns from the labeled point net dataset. After training, the 
model is evaluated on its ability to generalize to new, unseen 
data consists of point sets representing various fault scenarios.  

Figure 2. Complete network architecture 
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III. EXPERIMENTS  

A. Dynamic vision Dataset 

In this work, we assess our method to perform fault 
diagnosis tasks based on the dynamic vision dataset on a 
rotating machine. In the experimental setup, an ER-16 K 
bearing supporting a rotating shaft powered by an electric is 
used. We evaluate four distinct bearing states: healthy, inner 
race fault, ball fault, and outer race fault conditions. To 
simulate practical faults, the faults are manually introduced at 
different locations of the bearings using handheld tools, with 
depths typically around 1 mm. The experiments are conducted 
at two different rotating speeds: 1000 and 1500 r/min. An 
event-based camera is positioned at three locations relative to 
the bearing: in front, 45° to the left, and 45° to the right in 
Fig.4. This arrangement allows the camera to capture the 
dynamic vision data from various angles, minimizing the 
impact of factors like occlusions, reflections, or variations in 
the bearing's appearance from a single viewpoint. 
Consequently, measurements are obtained for four bearing 
health conditions under two rotating speeds, with each 
condition monitored from three distinct camera angles. 

The event-based camera used in this study is the Gen 3.1 
Prophesee event-based vision sensor. It has an effective pixel 
resolution of 640 × 480, a typical latency of 200 μs, and a 
maximum readout throughput of 50 Mevents/s. The 
experiments are conducted under normal light conditions in 
the laboratory. 

 Specifically, events activated in the coupler part of 
approximately 200×150 pixel area are selected in ROIs to 
examine the impact of the bearing vibration and analyzed for 
fault diagnosis. Bearing faults are found to have subtle 
influences on coupler motion, and this part exhibits a higher 
density of events compared to other areas of the test rig. The 
specific coordinate boundaries of the overall ROI vary 
depending on the angles of data collection, as shown in Fig.5.  

To reduce the sensitivity of the analysis to the exact 
placement of the ROI, for each sample within the defined 
overall ROI, different regions of 25×25pixel size are 
randomly selected for different time segments of the data, as 
illustrated in Fig.5. For the sake of clarity, the viewpoint refers 
to the frontal view of the point cloud data. 

 

 

This approach helps make the methodology more 
versatile and applicable across different camera viewing 
angles or experimental setups. What’s more, pointsets for 
different health conditions captured from the position of the 
same angle appear similar with no noticeable differences that 
can be intuitively discerned. This observation indicates that 
the machine fault diagnosis problem based on dynamic vision 
is highly challenging. 

Figure 3. Overview of the intelligent machinery fault diagnosis technique  

Figure 5. Examples of selection of overall ROI in monitor angles 1,2 ,3 for 
the bearing ball fault conditions and random sampling of ROIs 

Figure 4. Experimental setup and three locations of camera 
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TABLE I.  EVALUATION TASKS IN OUR WORK 

 

B. Evaluations and Results 

Specifically, each machine health condition is represented 
by 140 training samples and 14 testing samples, 
corresponding to each rotational speed and camera position, 
where each sample consists of 1024 uniformly sampled points. 
The period of each sample is set according to the condition as 
described in Section II.A. Four fault diagnosis tasks are 
evaluated as shown in TABLE I.  Tasks A1 and A2 only use 
data obtained from a single camera position, while tasks B1 
and B2 also consider data from the other two locations. 
Additionally, the tasks differ in the operating conditions of the 
rotating speed. 

The batch size is set to 16, the learning rate is set to 0.001, 
the number of epochs is set to 200, 𝑛௘ is 1024, 𝑓𝑐ଵ1 is 64, 𝑓𝑐ଶ 
is 32, and 𝑑௣ is 0.5.  

Fig.6 shows the results of the tasks and indicates that the 
testing accuracy for the four fault diagnosis tasks is generally 
over 85%. Notably, tasks A2 and B2, conducted under the 
1000r/min and 1500r/min rotating speeds, achieve higher 
accuracy compared to tasks A1 and B1. Therefore, it’s 
validated that the point cloud data representation and the 
proposed transformation process can effectively extract 
invariant features across domains. Furthermore, it is noticed 
that tasks B1 and B2, which involve data from multiple 
camera positions, generally maintained a relatively high 
accuracy. This indicates that the fault diagnosis models can 
generalize well and perform accurately across a range of 
operating scenarios. These quantitative performance metrics 
suggest the efficacy of the dynamic vision data in solving the 
machine fault diagnosis classification problem.  

In our research, a GeForce RTX 3090Ti GPU and an Intel 
i7 CPU were utilized, and the PyTorch programming 
framework is used. The average model training time for task 
B2 is 5 hours. Despite the computational demands, the results 
suggest that the offline nature of our work renders the 
computational load manageable. 

 Fig.7 shows the confusion matrices for task A1 and B2 to 
illustrate the comprehensive testing results across various 
machine fault categories. Consistent with the high testing 
accuracies reported in Fig.6, the specific fault diagnosis 
results are also promising. The reason task B2 achieves better 
fault diagnosis performance is that it utilizes more training 
data, including observations from different angles and 
positions, which enables more effective learning of the 
relevant fault features. The identification accuracy generally 
exceeds 95% for each fault mode in task B2, with a low false 
alarm rate. These results provide additional confirmation of 
the proposed method's effectiveness. 

While the proposed machine vision-based approach shows 
promising results, there are some inherent challenges in this 
approach. Distinguishing the subtle variations in machinery 

vibration caused by different fault modes can be challenging 
visually. Environmental noise and the sensor’s spatial 
resolution also create difficulties in accurately measuring the 
vibration. 

Despite these constraints, our work is among the first to 
investigate the application of event data for diagnosing 
machine faults. Although the visualization outcomes may not 
be as impressive as related studies utilizing accelerometer data, 
the overall findings are promising and warrant further 
investigation in this emerging direction of machine vision-
based fault diagnosis. 

 

IV. CONCLUSION 

This paper leverages dynamic vision data captured by 
event-based cameras to build a point cloud dataset and 
indicates that this novel type of data can be processed 
efficiently with our method to obtain promising results in 
intelligent machinery fault diagnosis. 

To fully exploit the unique signatures of each event and 
capture intricate event-to-event relations spanning multiple 
scales of local patterns, this article proposes a novel geometric 
data structure that serves as an effective representation of 
event information. Subsequently, a deep learning framework 
is deployed on the point cloud datasets to tackle classification-
based fault diagnosis tasks. 

To bolster the robustness of the model, data are collected 
under varying rotating speeds and distinct camera angles for 
each fault condition. Additionally, to enhance the 
methodology's generalizability across diverse camera viewing 
angles and experimental configurations, we randomly select 
various regions across different temporal segments of the 
collected data. 

Task 
name 

Camera 
position Condition(r/min) Training 

sample no. 

Testing 
sample 

no. 
A1 1 1000 560 56 

A2 1 1000 
1500 1120 112 

B1 1,2,3 1000 1680 168 

B2 1,2,3 1000 
1500 3360 336 

Figure 6. The testing results of the experimental performances 

Figure 7. Confusion matrices in the fault diagnosis task A1 and B2 
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Experiments are conducted on rotating machine fault 
diagnosis to validate the proposed approach. The findings 
reveal that the testing accuracy obtained by the proposed 
method is basically higher than 95%, even across each fault 
mode. These promising findings confirm the event-based 
cameras as a viable new contactless tool for effective machine 
fault diagnosis.  

While the results are promising, it should be noted that 
machine operation in industry is often non-stationary. 
Variations in operating conditions can noticeably influence 
the dynamic vision data, potentially leading to lower model 
performance. Additionally, as a vision-based approach, 
different lighting environments can significantly impact the 
quality of the perceived event data, thereby affecting fault 
diagnosis performance. Further work will concentrate on 
improving the model's generalization ability across diverse 
operating and environmental conditions, as well as optimizing 
the model architecture. 
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