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WHAT WE ALREADY KNOW – AN INTRODUCTION 
Big data is a generic term that describes a large volume of structured, semi-structured and unstructured 
data, which can be mined and used as inputs to sophisticated analytics applications. It is often 
associated with the 3Vs: the large volume of data, the variety of data types, and the velocity at which 
the data must be processed. Recently, additional Vs have appeared, including veracity, variability and 
value. 

The availability of high-speed networks and big data systems enable the ingestion and storage of large 
quantities of data. Here are just a few examples of high volumes of data generated in various industries: 
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8000 data fi les per 
year, 200 statistics 

tracked.  

2M connected 
customer vehicles 
and 500 connected 

test cars, representing 
6 TB data analyzed 

each year.

2500 turbines 
in hydroelectric 

plants continuously 
monitored. Specifi c 

vibration tests 
represent up to 1,5GB

per test, they run 
100+ of such tests 

every year.  

3GB collected per 
fl ight with 10000
channels, mostly 

avionics data. 

500 channels of 
usage data collected 
from a hospital bed. 

VOLUME VARIETY VELOCITY

VALUEVERACITY VARIABILITY



 

Big data ecosystems are typically looked at when data sets are too large to be handled using 
traditional solutions on a local machine. While these systems provide essential data management 
functionality, they are inadequate for engineers looking to computationally analyze big data sets to 
reveal patterns, trends, and population-based statistics particularly suited to understanding consumer 
behavior. These systems are also unable to model large scale and complex physical phenomena, or to 
reduce the confidence bounds of a statistical estimate based on observations that analysis delivers. 

WHY BIG DATA FOR DURABILITY AND RELIABILITY ENGINEERS? 
Depending on its application, big data is described as many things – for a design engineer, its purpose 
can be most accurately described as large quantities of unstructured data that is collected on a product 
to understand usage and solve problems. Engineers typically struggle to keep up with the resource and 
development requirements needed to extract value from the volume, velocity, and variety of data. Over 
the last few years, there has been demand for more robust and efficient processing tools to handle big 
data — here are just some of the reasons why:
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Variability of Drives

KPIs calculated for various regions in the world

Extract product usage information  
OEMs are interested in understanding the real 
product usage to enhance its functional design and 
make sure the new design is fit-for-purpose. For 
example, identifying the 95th percentile customer 
in terms of usage severity helps the CAE and test 
engineers set representative design targets, thus 
reducing the risks of under or overdesign.

Another important aspect is to understand which 
feature of the product is used more regularly, which 
one is overlooked, if any are misused, etc. This helps 
decide on new design concepts for the next design 
iteration, driving better requirements and improved 
product development.  

Accessing usage information can also help to take 
important design decisions. The designer can slice 
and dice the data to focus on specific situations 
and distinguish random occurrences. This ability 
enables one to take decisions based on real facts as 
opposed to assumptions or guesses. It can reduce 
dramatically the time to decision-making.

For example, a typical question that usage data can 
help address is: "Do we need variants of the product 
to account for drastic usage differences in various 
places of the world?"
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Ensure Reliability, Availability, Maintainability and Safety  
Operators responsible for a vehicle part of a fl eet or machines in a factory or in a power generation plant 
are typically looking to enhance product reliability. When a failure occurs, it is important to fi rst identify 
its causal factors. The availability of sensor data in a big data system can help to identify the root cause 
of a recurring problem. The use of big data enables the engineer to test a large set of hypotheses.

For instance, take an overheating problem that has occurred regularly in various machines, causing 
the machine to stop due to its circuit components being damaged. The engineer is looking for the root 
cause of the overheat and which solution will prevent the problem from recurring. In this instance, the 
overheat is believed to be due to a failure in the heat-dissipation system. If sensor data is available for 
the system (including for the near-by fan), the engineer will extract sections of time series of ambient 
temperature, rotational speed of the fan, vibration, and general controller data only when the temperature 
is increasing. The analysis will consist of looking for correlations and ideally causal factors, such as: Is 
there is a strong correlation between the temperature increase and the fan speed drop? Is the fan still 
perfectly rotating when overheating occurs? Similarly, was there any vibrational signature of a bearing 
fault for instance, which could cause the fan to fail? or was it caused by the controller – if so, for what 
reason? 

Historical data stored in a big data system can be 
coupled with analytics to build a cause-effects 
model, which can be then used to predict upcoming 
failures based on day-to-day usage data. Predicting 
the remaining life of components would clearly 
optimize maintenance by reducing unscheduled 
downtimes, which means more throughput and less 
costs. However, the adoption of such predictive 
analytics can be jeopardized by too many false-
positives. So, the model needs to be trained and made 
robust by using as much historical data as possible. 
Machine Learning is a common and well-known 
approach to make a predictive model effective, but 
again, it requires large amounts of good, meaningful 
measured data in order to converge towards reliable 
predictions.

Effect

Failure A Failure Β Failure C

Failure A1 Failure Β1 Failure C1

Cause 4

Cause 3
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Cause 1

Cause 8

Cause 6

Cause 7

Cause 5

Cause 11

Cause 12

Cause 9
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Identifying the true causes of failure

Prediction data vs. actually measured data
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COMMON CHALLENGES OF BIG DATA ANALYSIS 
Simply gathering and having access to large volumes of information is not helpful in giving insights to 
the health of an asset for instance, unless analytics strategies are put in place.

Ensure data quality and cleanliness
The fi rst step is to ensure the data can be trusted. Experience shows that quality and cleanliness are 
more important than quantity making “Veracity” another critical “V” in the world of big data.  

When data comes from a variety of sources, it is common that it contains anomalies or outliers. Some 
data values are undefi ned or unrepresentable using numeric values, these are referred to as NaN or 
“Not a Number”. Both anomalies and NaN values need to be addressed before performing any further 
calculation. Data cleaning can occur upstream like on the stream of data coming from continuous 
monitoring or downstream, or on the data that was selected for analytics for example. In both cases, 
the data cleansing operation requires specifi c detection and correction algorithms and raises issues of 
performance and computational effort to process.

Coping with large volumes of sensor data
A primary concern of analyzing very large volumes of data is the ability of applying known workfl ows 
to much larger datasets. In the past, engineers would conduct time-at-level histogram calculations on 
heavily instrumented test vehicles on proving grounds, but now they want to also perform the same 
types of time-at-level calculations on regular vehicles on public roads. Using generic tools for any 
engineering calculation on such quantities of data will infl ict massive overheads. 

Data cleansing is necessary to avoid "garbage in, garbage out"

● False Positives 

● False Negatives

● Inconsistencies

● Anomalies

● Ineffi ciencies

● Quality data

● Ready for processing

● Reliable metrics

● Reliable predictions

● Effi cient mining

● Simulation-ready● Cleanse

● Standardize

● Enhance



In most cases, the usage data from the fi eld keeps 
coming in, sometimes in ever-increasing quantities. 
In order to account for that, the whole acquisition, 
storing and processing chain needs to be scalable.

Need for specifi c engineering analytics
The value of engineering data depends entirely 
on the insight that can be gained from it. Big data 
systems are necessary to access the large volumes 
of data and provide some basic management 
of the data. However, they offer relatively little 
mathematical functionality and are often insuffi cient 
for performing real-world engineering analysis. 

The fi rst and simplest data analytics strategy is 
to use descriptive analytics which uses historical 
data to compute metrics (such as simple averages 
or maximum values) and can be trended over time. 
This form of analysis summarizes raw data and presents it in graphical form so that it is interpretable 
by users. In ground vehicle applications, it can be used to show information like maximum engine 
temperature, average distance driven per trip, mean vibration level per hour, etc. 

Diagnostic analytics goes slightly beyond descriptive analytics as it tries to understand why a 
phenomenon occurred. More advanced metrics can be calculated based on a combination of sensor 
data and metadata (properties of the instrumented device, device location, maintenance information, 
type of lubricant used, etc). Diagnostic analytics is based on established data processing techniques 
that produce calculated metrics, histograms or spectra, which are key to delivering value and detect 
measurable changes due to defects or progressive deterioration and, therefore, schedule maintenance 
actions. 

Metrics can be cumulated (cumulative time spent 
at full load), counted (number of exceedances 
of a given pressure threshold) and classifi ed in 
histograms (distance driven at various gear, time 
spent at various levels of engine speed, number 
of stress cycles of various stress ranges, etc.). 
Vibration or acoustic data are typically turned 
into frequency spectra showing energy at various 
frequencies. A classical use of spectra is with 
rotating machinery (engines, turbines, gear boxes, 
pumps, etc.), which have a very specifi c spectral 
signature: any departure from that signature means 
that something is happening. Histograms and 
spectra can also be displayed at regular intervals 
for users to spot any abnormality soon enough. 

6

Sensors generate large amounts of time series data
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GAINING ACTIONABLE INSIGHTS FROM STREAMED DATA ANALYTICS
These challenges are met by nCodeDS (nCode Digital Streams) for effi ciently analyzing large volumes 
of engineering time series data. Designed for scalable deployment within the web-based Aqira platform, 
it provides both the performance and the ease of use required to analyze "big data" in an engineering 
context. 

Fast processing of huge volumes of data 
The data can be made of fi les in various generic format (CSV, Parquet) or coming from data acquisition 
devices (20+ binary fi le formats read natively) and simply indexed in a shared folder. Alternatively, the 
input data can be part of a historical database which nCodeDS could query. 

nCodeDS was designed from the ground up with scalability as a primary requirement. nCodeDS 
scales by using multiple CPU cores for performing calculations. In addition, by virtue of its streaming 
architecture, nCodeDS will use a limited amount of memory, regardless of how large the input data is. 
With nCodeDS, an engineer can routinely analyze a time series of 1 billion points in a matter of seconds 
without upfront data management effort.

nCodeDS can also deal with large number of inputs. Aqira can indeed spread the analysis of a large 
number of inputs across several machines. Therefore, the combination of nCodeDS and Aqira allows 
the engineer to distribute the analysis of large datasets across multiple machine, with each machine 
using multiple of its CPU cores and with bounded memory allocation.

Advanced data processing algorithms and engineering workflows 
In nCodeDS, engineering analysis is performed by composing a set of well-known engineering algorithms 
into workfl ows that achieve a well-defi ned complex operation. Example algorithms include: 

● Slicing and dicing: splitting and merging columns of data, splitting data into sections of rows. 

● Statistics and histograms. 

● Resampling, digital fi lters and frequency spectra. 

● Cycle counting, fatigue damage assessment.

With nCodeDS, an engineering workfl ow leveraging a big data system is typically made of input nodes 
that are extracting data from the system, some analysis nodes to transform the data and extract the 
insights and, additionally, some output nodes to save the data back into the big data system or as 
ordinary fi les.



Simple to use by engineers 
The platform through which nCodeDS is available, Aqira, offers democratization of the analysis via the 
use of Apps. An example App would extract data from the datalake based on user-defined conditions, 
perform some pre-defined analyses to transform the data and extract insights. The results can be saved 
back into the big data system or, if suitable, to disk as ordinary flat files. 

An App is meant to be used by any user and focuses more on the results - enabling efficient decision-
making - rather than on the details of the analysis. They reduce the risk of reliance on a few individuals 
and are a great mean to easily share validated, up-to-date analytical processes. 

Apps are typically built by expert users, with the possible use of Python, so data scientists can investigate 
more advanced AI techniques, like machine learning for applications such as inferential sensing.

BENEFITS

nCodeDS enables you to extract information from:
 ● Huge volumes of data to have a more global understanding 

of the usage of a product

 ● A greater variety of data sources in a complex system (bus 
data, different sensor types, audio, video, etc.)

 ● A high velocity so you can test different what-if-scenarios 
and/or update your dashboard more regularly

nCodeDS enables engineers to address: 
 ● The data veracity with dedicated algorithms for automatic 

data correction

 ● The quantification of the variability in the incoming data, 
helping the designer to take into account extreme usage

Most importantly, nCodeDS extracts value out of raw data like 
usage data in order to help the innovation process, faciltate 
decision-making processes like warranty periods, provide 
the necessary inputs for designers for improved quality and 
reliability, and to help better plan maintenance strategies.
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SUMMARY
The proliferation of sensors, the availability of high-speed networks and the rise of IoT technology 
make it easy and affordable to collect large amounts of customer usage data. The collected data 
and analytical results must be stored, secured and be accessible to engineers and decision makers 
through predefi ned databases or through dashboards that contain reliability and validation indicators.  

The challenges associated with big data are 
typically summaried by the 3Vs: the large volume 
of data, the variety of data types and the velocity 
at which the data must be processed. Additional 
Vs such as veracity, variability and value are often 
mentioned too. It is worth noting that although 
big data systems enable the ingestion and the 
storage of such large quantities of data, a big data 
system alone is not equipped with capabilities for 
performing sophisticated engineering analyses.  

These big data challenges are met by nCodeDS 
(nCode Digital Streams) – a new software solution 
designed for scalable deployment within the web-
based Aqira platform.

Learn more at www.ncode.com/nCodeDS

About HBM Prenscia
HBM Prenscia is a global leader in providing technology and engineering software products and 
services for reliability, durability, and performance. We deliver a broad range of engineering solutions 
that deliver compelling value to our customers for the design and development of reliable, robust 
products, and reducing life cycle costs. By offering a range of industry leading software (nCode 
and ReliaSoft), training, and engineering services, we enable companies to enhance returns on 
investment and operational success through design and certifi cation, optimized processes, data 
management and processing, and CAE simulation.

For more information, please visit www.hbmprenscia.com

© 2019 HBM United Kingdom Limited (an affiliate of HBM Prenscia, Inc.), at Technology Centre, Advanced Manufacturing Park, Brunel 
Way, Catcliffe, Rotherham S60 5WG, UK. All Rights Reserved. nCode® and VibeSys™ are all trademarks of HBM United Kingdom Limited. 
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FEATURES

● Provides both the performance and 
the ease of use required to handle the 
common ‘Vs’ of big data applications. 

● Seamlessly integrates data from various 
sources to make it accessible via 
intelligent dashboards. 

● Enables products to be designed 
according to actual usage patterns in 
order to reduce warranty costs or to 
build and validate a machine learning 
model to predict maintenance-related 
actions.


