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PHM in TransportaCon: comparison between aerospace, railways and automoCve. Possible synergies? 

Mo$va$on 

 

 In all  transporta$on modes , either ground-based or air-based, availability and safety are key 
concerns, and maintenance costs represent a significant  part of life-cycle cost. 

Therefore it seems that  condi$on-based maintenance (CBM) and  prognos$cs & health management 
(PHM) should be a priority in all of those aeras.  The remarkable success of  machine  learning, and in 
par$cular deep learning , enabled  by both algorithmic developments and hardware break-throughs [1], 
has accelerated  the development of PHM substan$ally. At the same $me, there is  a strong demand for 
combining domain exper$se and AI and for ensuring explainability of the algorithms, and substan$al 
progress in those direc$ons is being made  as well  ([2], [3]) .There are s$ll quite a few challenges , 
pertaining  to data availability and quality and pertaining to the  scaling up of proofs of concepts, among 
other [4]. 

In spite of commonali$es, there are also differences  between the various transporta$on areas ,both in 
technical specifici$es as well as in business models and regulatory environments. 

Historically, aerospace applica$ons ( military, then civilian) have  led the field ( and coined the term 
PHM) since  the early 2000s. The railway industry ‘s interest has emerged later and obstacles to the 
wider adop$on  and dissemina$on of those techniques are s$ll very much present in that industry. 

In the automo$ve industry, the emergence of electric vehicles and autonomous driving  have been  key 
mo$vators. 

The goal of the proposed round-table discussion is , broadly speaking, to examine whether more  
synergies between the various transporta$on industries  could benefit them all , and, if so,  how  they 
could take place. 

The following ques$ons  could be debated  ( non-exhaus$ve list). 

1) What are accelerators of PHM which are common to all transporta$on fields ? and what are the 
main obstacles ? 

a. What is the level of standardiza$on of data formats / collected data across different 
OEMs? 

b. What is the level of collabora$on across different operators? 



2) How is the return on investment on PHM calculated in the various applica$on areas ? 
a. How are costs and gains shared between  OEMs and end users ? 
b. Which data enter the calcula$on and how readily available are those data ? 

3) To what extent do regula$ons , in par$cular safety regula$ons, hamper or favor the 
dissemina$on of PHM ? For instance,  it is some$mes argued  that predic$ve maintenance can 
enhance safety , and on the other hand ( par$cularly in railways), safety standards are 
some$mes brandished as an obstacle to moving away from tradi$onal scheduled maintenance. 

4) Is there  a need for new regula$ons and/or standards  ? 
5) Data :  

a. in aerospace, the CMAPPS and N-CMAPPS  databases are  powerful resources for 
valida$ng and comparing new algorithms without the need for proprietary data.  A 
similar data base does not exist in railways . Could one be  built ?  ( In automo$ve 
applica$ons, numerous data from dealerships can be used; are those data appropriate 
and sufficient ?) 

b. data availability is also impacted by legal and regulatory aspects. 
6) Human resources :  

 Are the various fields equally successful  in abrac$ng the appropriate talents ? What can 
be done to improve the situa$on ? 

7) Research funding :  
 Are the various fields equally successful  in abrac$ng  R&D funding ? Can synergies 
between the fields improve the situa$on ? 
 

8) In conclusion, can the various transporta$on fields benefit from a  greater synergy in PHM and,  
if so,  how can such a synergy be brought about ? 
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