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introduction
Predictive maintenance and condition 
monitoring in industrial and vehicular 
environments use data analysis to identify 
operational anomalies and potential 
equipment defects, enabling timely repairs 
before failures occur. They aim to minimize 
maintenance frequency, avoiding unnecessary 
costs and unplanned outages. 


Vibration-based condition monitoring  
is a fundamental predictive maintenance  
technique used to detect machinery
 

health condition and predict failures.  

Predictive maintenance has become 
increasingly vital with the advent  
of the Industrial Internet of Things (IIoT)  
and the availability of sensors. A network  
of industrial devices and connected sensors 
can deliver valuable insights like never before, 
enabling companies to pick up  
on inefficiencies and problems sooner, saving 
time and money.

The Need for Wireless Sensor Nodes
The proliferation of IIoT sensors, along  
with their miniaturization, presents  
a challenge when it comes to connecting 
these sensors to either the CPU or the cloud. 
Wired sensor network installations  
are expensive and often technically 
impossible. To address this issue, an increasing 
number of IIoT sensors are being linked  
to the host device through wireless radio 
channels. However, transmitting all the raw  

data directly to a server or cloud demands 
broadband communication channels, 
resulting in significant energy consumption. 


Given that wireless sensors are battery-
powered, there is a need to implement signal 
compression before transmitting data to the 
host, allowing the utilization of narrowband 
communication channels such as LoRa  
and BLE with lower power consumption.

Advantages of Applying Neural Networks 
to Vibration Monitoring
While algorithms can be employed  
for handling the unprocessed data generated 
by IIoT sensors, leveraging neural networks  
for signal processing presents a significantly 
more appealing approach. Vibration signals 
can be intricate, especially in complex 

machinery operating at varying speeds  
and loads. The presence of background  
and measurement noise further complicates  
signal analysis.
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Traditional vibration analysis methods  
such as spectrum analysis and adaptive 
filtering often fall short in handling such 
complexity, necessitating the integration  
of machine learning techniques. 


Algorithm-based data compression does not 
work for noisy signals because  
of the fundamental property of algorithms –  
a linear fashion of data processing.

Neural networks, by contrast, can extract 
useful information even from very noisy data, 
due to a non-linear way they process data. 

Neural networks excel at extracting valuable  
features from raw signals, performing 
clustering, and subsequently classifying  
the data. Some deep neural network 
architectures prove to be exceptionally well-
suited for addressing vibration monitoring 
challenges.

Neuromorphic Reduction of Sensor Data

Fig.1 Architecture of Autoencoder

A key point in vibration data reduction  
is neuromorphic extraction of useful 
information from the raw data stream  
by an autoencoder neural network consisting 
of an encoder and a decoder. The encoder 
extracts data features from the input signal, 
forming an embedding (a descriptor, a latent 
space). From the mathematical point of view 
the embedding is a projection  
of the processed signal into significantly lower 
dimension space. The decoder reconstructs 
the signal data from the encoded 
representation (Fig.1).



In this case, variational autoencoders  
that impose additional structure to the latent 
space offer a more flexible approach  
than simple ones by learning the parameters 
of a distribution of the latent space that help 
to generate new data.


Encoded dataInput data Reconstructed data

Latent

Space

DecoderEncoder

Once the autoencoder is trained, its encoder section is used for the raw signal pre-processing.  
This allows a reduction of more than 1,000 times the amount of data to be transmitted wirelessly 
from the output of the encoder to a classifier placed at the MCU, on the server, or in the cloud.
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Universal Applicability of Autoencoders
Virtually all sources of vibration suitable  
for condition monitoring of machinery involve 
rotating parts. Consequently, the vibration 
spectrum typically consists of a set  
of sinusoidal signals at various frequencies  
and non-deterministic broadband vibrations 
associated with defects, structure,  
and background noise.  

In predictive maintenance applications,  
it is important to decompose vibrations  
to optimize the use of different diagnostic 
methods for each signal component.

The decoder section is replaced by a classifier that uses the data classes learned during training. 


For classifiers, on-device learning or uptraining can be applied when retraining of the classifier  
is performed on labeled data from the sensor node and the classes are updated or newly formed. 
On-device learning is a powerful tool that significantly increases the precision of classification.

An autoencoder neural network can detect 
non-linear components within such spectra 
even if these distortions are minor.



Embeddings generation is a universal process, 
meaning that a trained encoder can extract 
embeddings from any kind of vibration raw 
data. It will extract features even from a new 
type of input signal that differs from those it 
was trained on. This allows clustering of all 
kind of data after the neuromorphic 
embedding are generated and classification  
of them afterwards.

Cost-Effective Implementation  
as Neuromorphic Front End
After we have found an efficient autoencoder 
for data volume reduction, the question 
remains how to efficiently run this neural 
network at the sensor level. Neuromorphic 
Front End (NFE) is a novel concept of analog 
neuromorphic processing of the signal directly 

at the sensor node. NFE performs 
neuromorphic processing of the sensor signal 
using a neural network implemented  
on the tiny ultra-low power silicon chip made 
of analog circuitry elements.

X ZZ=ƒ(X)

Fig.2 Transforming vibration input signal into a latent representation
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NFE extracts only useful data from a raw data 
stream, reducing the amount of transmitted 
data by more than 1,000 times, from megabits 
to kilobits of data, that is, to an extent suitable 
for narrowband protocols for wireless 
communication with reduced power 
consumption. Thanks to the true parallel data 

processing,  NFE power consumption typically 
is only a hundred microwatts, enabling long-
life battery operation or energy harvesting-
based designs.

Data Classification
In terms of mathematics, classification  
is the ability to separate compact sets  
of datapoints in some multidimensional 
space. A classifier algorithm is employed  
to assign data points to predefined classes  
of the system states.



Various types of classifiers can be used, from 
simple ones to complex neural network 
classifiers. They generally fall into several 
categories: probabilistic methods, nearest 
neighbors, decision trees, and neural 
networks. Classifiers implement linear or non-
linear transformation on input data.



Some of the most popular classifiers are 
Decision Tree, K-Nearest Neighbors (KNN) 
algorithm, Support Vector Machine (SVM), 
Logistic Regression, Stochastic Gradient 
Descend (SGD) Classifier, and Multilayer 
Perceptron.



Decision Tree is a non-parametric method  
of classification that makes class predictions 
based on simple decision rules inferred  
from the input data features. KNN is a non-
parametric classifier based on datapoints 
proximity, with the assumption that similar 
points can be found near one another.

SVM is one of the most robust classification 
methods based on the statistical approach 
trying to find a hyperplane that best separates 
two classes. SVM finds the maximum margin 
between the hyperplanes, that is, maximum 
distances between the two classes,  
and utilizes source data transformation 
between spaces to achieve better classes 
separability.



Logistic Regression is a simple but powerful 
classification method that assigns some 
probability to a linear combination of input 
data features applying a nonlinear sigmoid 
function. SGD calculates the derivative  
of the loss function of a single random data 
point. Multilayer Perceptron is a neural 
network consisting of fully connected neurons 
with a nonlinear activation function, organized 
in at least three layers, notable for being able 
to distinguish data that is not linearly 
separable.



Generally, classifiers are task-dependent. 
Some of them work better on big datasets, 
others on smaller but more complex ones.  
The use of a classifier must be tuned  
for the metrics of each case.
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Example of Vibration Classification
In vibration analysis, the classes represent different stable states of the machine in question. 
Examples include different rotation speed of bearings, a broken sawtooth noise, oil shortage,  
an abrasive in the bearing’s lubricant, bearing clip deformation, a wind turbine blade imbalance, 
and cracking and erosion. If a datapoint does not fall into the known classes, it probably indicates  
a malfunction or a new operation mode of the machine.

Example of NFE Performance Evaluation 
A confusion matrix (Fig.4) is a useful tool to assess the efficacy of a classification method  
and generates performance indicators for the model, including accuracy, precision, recall, 

and the F1 score.

Classifier selection depends on the specific application and dataset characteristics. Linear classifiers 
suffice for linear embedding spaces, while more complex neural network models, such as MLP, 
excel in handling nonlinear regions in the embedding space of vibrations.

In the NFE solution, a classifier receives  
the encoded representations of various 
vibrations and assigns each datapoint  
to one of the classes defined during training 
of the autoencoder. 


The method is universal and allows 
extraction of embeddings from data  
of various mechanisms - bearings, chain 
and gear drives, gearboxes and electric 
motors, compressors and generators, wind 
turbines, and car tires. The classifier must 
be trained on data sets of a specific 
mechanism, collected in its different 
operating modes. 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Fig.3 Example classification of bearing vibrations by MLP
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Fig.4 Example confusion matrix of MLP classification of bearing vibrations

Typical performance of bearing vibrations analysis by the NFE solution with various classifiers 
summarized in the following table:

F1RecallPrecisionAccuracyClassifier

0.950.960.970.957MLP

0.950.950.970.954SVM

0.880.890.910.885SGD Classifier

0.930.930.940.928LogReg
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The evaluation results indicate high accuracy of the NFE model with different classifiers, ensuring 
reliable vibration analysis.

Wide Application Scope  
and New Opportunities  
of Vibration Monitoring with NFE
Vibration analysis is instrumental in identifying 
various machinery problems such as shaft 
unbalance and misalignment, bearing failures, 
gear wear, detail cracks, looseness, and more. 
In addition to mechanical damage, it can 
detect issues with abrasive ingress and lack  
of lubrication. Even fuel mixture changes  
in internal combustion engines can be 
detected through vibration changes.



Moreover, vibration analysis finds utility  
in applications such as Smart Tires, where  
it aids in road condition detection, tire grip 
control, and structural integrity monitoring  
as well as tread condition. 


Vibrations can be used not only for monitoring 
relatively simple mechanisms, but also 
complex ones such as pumps, engines,  
or wind turbines.

Utilizing the NASP NFE in IIoT applications 
introduces groundbreaking opportunities.  
This technology enables sensor nodes 
 to function using battery power or energy 
harvesting, thanks to its neuromorphic 
extraction of embeddings from raw signals, 
resulting in a remarkable more than 1000-fold 
reduction in data volume. 


Furthermore, the analog implementation  
of neuromorphic processing plays a crucial 
role in minimizing power consumption  
and reducing the chip size. This advancement 
allows for integration with compact sensors, 
enabling them to operate on battery power  
or energy harvesting and connect through 
energy-efficient radio protocols like LoRa  
and BLE. This resource-efficient approach 
significantly reduces data traffic, transmission 
infrastructure costs, and total ownership costs 
of the condition monitoring solution while 
maintaining the full functionality needed  
for reliable vibration analysis.


