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Nous présentons une méthodologie utilisant des données terrain pour construire des Profils d'Usages Client (CUPs). Ces CUPs sont utilisés pour convertir l'âge à suspension (ATS) ou défaillance (ATF) en usage à suspension (UTS) ou défaillance (UTF) pour construire des modèles de fiabilité.

I. INTRODUCTION

In today's competitive marketplace, reliability is one of the key quality factors to business success. From an engineering perspective, there exists uncertainty due to many reasons such as: design, materials, manufacturing, and other fault in product performance. According to [START_REF] Patrick | Practical Reliability Engineering 4th Edition[END_REF], all these uncertainty sources could impact the product reliability. Therefore, it is crucial to predict a product reliability before it is released to the market.

Reliability modeling is used to comprehend the reliability of a system and its components in the development phase and to ensure global quality targets. It aims to reduce testing thereby saving money, as well as shortening the Time-To-Market (TTM). Also, it allows one to integrate reliability issue from the very beginning of the design phases. Not only does it allow one to predict whether reliability goals, such as MTBF (Mean Time Between Failure), can be reached, but also to identify the main contributors to unreliability in terms of stresses and weak components.

While testing is essential to build reliability models (i.e. life distribution), it is not the sole source of information. Data received from the field is the "true" measure of products reliability. Warranty and claims data analysis are then crucial. Data includes returns, sales, as well as information about the Customer Usage Profiles (the way customers are using the product).More and more efficient Failure Reporting, Analysis and Corrective Action Systems (FRACAS) are implemented, which facilitate data gathering and analysis [START_REF] Susanto | Evaluation of Downtime in Milling System with Approach to Failure Reporting Analysis and Corrective Action System[END_REF] [3].

Extensive research has been conducted in Warranty Data Analysis (WDA) from several different perspectives. Very good reviews are available in [START_REF] Wu | Warranty data analysis: a review, Quality and Reliability Engineering[END_REF][5] [START_REF] Kalbfleisch | Truncated data arising in warranty and field performance studies, and some useful statistical methods[END_REF]. As noted in [START_REF] Wu | Warranty data analysis: a review, Quality and Reliability Engineering[END_REF], the aim of warranty data analysis is to:  Detect early warning of faulty designs, flawed production lines, defective parts, etc.

 Provide useful information for product modification and improvement.

 Estimate and explain the costs of warranty claims.

 Predict future claims and warranty cost.

 Estimate product reliability for deciding on warranty policy and appropriate maintenance policy.

There are two warranty data analysis approaches [START_REF] Wu | Warranty data analysis: a review, Quality and Reliability Engineering[END_REF][5][6] [START_REF] Hu | Nonparametric Estimation of a Lifetime Distribution When Censoring Times Are Missing[END_REF][8]: one-dimensional approach and twodimensional approach. The one-dimensional approach consists of either age-based or usage-based analysis techniques. This depends on whether the warranty limit is defined by either the age or the usage only. The age refers to calendar time since the product is installed at customers facilities. The usage refers to operating hours, miles or cycles.

In many cases, the failure mechanism is related to the usage, rather than to the age. A given age could represent several usage rates. For instance, a failure occurrence after two months of operations could correspond to an operating time ranging from 0 to 1440h (1440 is the number of hours for two months). Therefore, the age in months is not enough to build accurate reliability models. In this case, the usagebased approach is more adequate. It considers accumulated usage time (or miles, or cycles) as a measure of failure time. The major challenge is to obtain censoring time for the surviving population that has not reported any failure. The issue of censored data is more critical when one is interested in product reliability after the warranty period. Many approaches and methods are proposed in literature to estimate the usage of items that did not fail [START_REF] Kalbfleisch | Truncated data arising in warranty and field performance studies, and some useful statistical methods[END_REF][7] [START_REF] Bharatendra | Reliability Analysis and Prediction with Warranty data[END_REF]. Authors in [12] propose to use supplementary data, such sales, to complete missing information. Customer usage profiles are also used to complete missing data in [START_REF] Shah | Reliability estimation considering Customer Usage Rate profile & warranty claims[END_REF].

The two-dimensional or covariate approach considers both product age and accumulated usage simultaneously for reliability analysis purpose [START_REF] Jimenez | Life Data Analysis with a Joint Probability Density Function[END_REF][10] [START_REF] Dai | Field reliability modeling based on two-dimensional warranty data with censoring times[END_REF].

As shown above, in literature, censored data refers more to the components which have not reported any failures. In our case, the usage is unknown even for failed parts. In fact, the operating time of these parts when they fail is not reported in our FRACAS. So, only their age is known.

The second issue we are addressing in this paper is related to the usage after the warranty period, when only some failures are reported, without any guarantee that all failures are reported.

We intend to use field data available such as warranty claims, field failures, recall data, and maintenance data to build Customer Usage Profiles (CUPs), which is the percentage of customers operating according to a given range of usage. Once a probability distribution is adjusted to theses CUPs, we apply a random selection to convert an age (e.g. in months) to a usage (e.g. in hours) for both failures and suspensions. Finally, both censored data and field failure data are used to build reliability models.

In the next section, we will present a case study to illustrate the implementation of the methodology we developed. In section III, we will present the process we applied to build Customer Usage Profiles (CUPs) from field data. In section IV, we will present how to use CUPs to complete missing data and therefore to build reliability models.

II. CASE STUDY

Our company develops and manufactures several technologies of printers (Continuous Ink Jet, Laser, Drop-On-Demand, Print and Apply, Thermal Transfer). It provides global reach to over 50,000 customers with 30 subsidiaries, six technology centers, several equipment repair centers and manufacturing plants. We are addressing a wide range of industry sectors: foods, cables, tubes, beverages, electrical & electro, automotive, vehicles, pharmaceuticals, plastic, cosmetics, etc. over the five continents.

This study is related to the modelling of the reliability of one of our printers already used in the field, since 2015. These models are used to:  Assess the printer reliability during the warranty period, and thereby to optimize the warranty strategy.

 Assess the printer reliability after the warranty period, and thereby to optimize the warranty extension services.

 Identify the weakest parts from reliability perspective and thereby improve the design  Optimize the maintenance during and after the warranty period.

 Refine the reliability targets for our future printers.

When a failure occurs on one of our printers, our technicians report the failure in our SAP system (Systems, Applications and Products for data processing). Unfortunately, only the Age-To-Failure (ATF) is reported, which is the difference between the intervention date and the installation date. For many parts, such as the PCB (Printed Circuit Board), the usage in terms of hours is one of the main damaging factors to be considered in order to build a reliability model. As said before, the usage rates of our customers are very various. To build accurate reliability models, we need the Time-To-Failure TTF in hours rather than the ATF. We also need to estimate the usage for censored data since we have only the Age-To-Suspension (ATS). To that end, we developed and implemented a process, which consists of building CUPs and using these CUP to transform age to usage.

To build CUPs, we used field data recorded in our printers. In fact, our printers save automatically several logfiles (i.e. txt files), which record various information such as: installation date, operating time, functional parameter (e.g. motor speed, ink pressure) and stress parameters (e.g. ink temperature). The whole process of CUPs building is described in the following section.

To overcome the issues described above, we developed and used CUPs as life profile based on real field data. At the component level, the appropriate CUP must be used with respect to its own damaging factors (temperature, operating time, number of cycles…). For the studied component, we initiated the work focusing on the operating time first.

III. USING FIELD DATA TO BUILD CUP

In this section, we will describe field data collection and analysis to build CUPs.

A. Field data collection

In our case study, logfiles are saved automatically in our printers. They are .txt files recorded every x minutes during a maximum period of y months (x and y depends on the technology). Several stress and functional parameters are recorded in time series format (running hours, ink temperature, print head temperature, ink pressure, etc.).

Today, unfortunately, we don't have systematic or remote collection of these logfiles. So, we launched a campaign to collect them. We asked our technicians (many hundreds around the world) to download the logfiles when they intervene in the field to perform a curative or preventive maintenance.

More than ten thousand logfiles were collected during the last 10 months. Python was used to extract and clean this data. As it could be noted in Fig. 1, we need more logfiles to have a better coverage of geographical locations, as well as industrial sectors. That's why the data collection campaign is still ongoing. In the next sections, we will assume that this sample is representative. 

B. CUP building

The first step consists of identifying the main damaging factors, as well as the synthesis damaging factors for each component in the printer. To that end, we performed an FMEA analysis. In this paper, we will focus only on the usage, which here is the running time, as damaging factor.

The second step consists of extracting and cleaning the data related to the running time.

The third step consists of building the distribution of running time over one year (or a given period, depending on the scope of the study). We call that distribution "Running Time CUP".

For example, the "Yearly running time CUP" presented in Fig. 2 shows that about 70% of our customers run the printer more than 7000h/year (cumulative percentage). The process of CUP building is described in Fig. 3 below. In this section, we will describe the 5 steps carried out in order to build a reliability model for our printer. In the first step, we will show how data about returns and sales is extracted and cleaned. Then, in the second step we will define the rules to censor data. In step 3, the age-based approach is applied to build a first reliability model. Then, in section 4, we will show how CUPs are used to apply the usage-based approach. In the last step, life distributions are built to obtain reliability models.

A. Step 1: Data cleaning

In this step, we will describe the data we have and how to clean it. We are using claim data extracted from our SAP database from 2015 to 2019. Both warranty and out-ofwarranty interventions are considered. As shown in Fig. 4, we first built a pareto to identify the main contributors to the printer unreliability. These contributors are then grouped by sub modules in order to build the reliability block diagram (RBD) of the complete system in BlockSim module in Reliasoft®. In this step, we created rules to define suspensions according to the warranty & preventive maintenance policies. In fact, once the warranty period is over, our customers can replace several parts by themselves without failure reporting. In this case, data must be censored at the warranty period, i.e. one year. For example, the PCB is not a component that the customer can replaced by himself and is not part of the preventive maintenance strategy. Consequently, no censoring was done on expected usage results. However, a pump is a component that the customer can replace by himself. Therefore, the data related to this part is censored at the warranty duration. Also, several parts may be replaced under preventive maintenance. In these cases, the data is censored at the maintenance interval, which could be expressed in age (e.g. 2 years) or usage (e.g. 14 000 hours).

C. Step 3: NEVADA chart format analysis

This step consists of using the warranty data folio in Weibull ++ module in Reliasoft® to build NEVADA charts.

In addition to returns data (i.e. failures), sales data (dates and quantities) is also required when using such a method. The Nevada format allows the user to convert shipping and warranty returns data into the standard reliability data form of failures and suspensions so that it can easily be analyzed with traditional life data analysis methods. For each month in which several products are shipped, there will be a certain number of returns while the rest of the population that was shipped will continue to operate. This information can be arranged in a diagonal chart as shown in Fig. 6 Fig. 6. NEVADA chart build using failures and sales f. For confidential reason, the figures were changed After having selected the appropriate reliability model (e.g. Weibull 2-Parameters2P), we get the adjusted reliability parameters eta and beta. Results in months could be used to estimate reliability metrics such as MTBF, Bx% or Unreliability at a given time. This age-based analysis of claims data allows the estimation and the prediction of warranty claims rates and comparing claim rates among different product groups and/or different production periods. However, as said before in many cases, the failure mechanism is related to the usage, rather than to the age. Therefore, the age in months is not enough to build accurate reliability models. In this case, the usage-based approach is more adequate.

Weibull++ offers the opportunity to convert the unit from ages (i.e. months or days) to hours but considering the component is running 24/24h. Results are too optimistic.

D. Step 4: Using CUPs to convert age to usage

This step consists of converting the Age-To-Suspension (ATS), as well as the Age-To-Failure (ATF) to respectively Usage-To-Suspension (UTS) and Usage-To-Failure (UTF).

The warranty module in Reliasoft® allows one to transform only the ATS to UTS. This consists of reporting the sales and returns data by date and quantity. Each failure is identified by an installation date (Date-In-Service) and a date of return as shown in Fig. 7. Then, as shown in Fig. 8, we used the "usage format" in Reliasoft® to convert the ATS to TTS. The usage is the CUP we built in section III. However, in our case study, this is not satisfactory since we also don't have the usage at the return dates (i.e. Usage-To-Failure). Only the Age-to-Failure is available. So, in addition to the conversion of ATS to UTS, we also need to transform the ATF to UTF. To that end, we used the CUP to perform a random selection in order to convert ages to usages. The result is presented in Fig. 9. The whole process of usage estimation for both returns and suspensions is described in Fig. 10 below. Once a life data analysis has been performed on warranty data, this information can be used to predict how many returns will occur in the future. This methodology uses the concept of conditional reliability to calculate the probability of failure for the remaining units after each sales time period (month). This conditional probability of failure is then multiplied by the number of units still in the field (i.e., the suspensions) in order to predict the number of failures or warranty returns expected in the next month.
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As mentioned previously, we used data from 2015 to 2018 to build the model so that we can compare with 2019 data. By using the usage format warranty analysis folio built in the previous chapter, we were able to forecast the number of failures to appear in 2019 knowing the quantity of sales (Fig. 14). By comparing the expected number of failures with the real observed failures in the field, we can note that the model is slightly pessimistic (20% in average), as shown in Fig. 15. In order to refine the model, it must be adjusted over time when new field data is available. The first assessment of these models shows that they overestimate the failures by approximately 20%. Additional work is required to validate our approach. We have two main actions to continue this work. The first is already underway: it consists of collecting more field data to have more representative CUPs. Also, in midterm perspective, there will be an increasing implementation of IOT (Internet Of Things) and an increasing connection of our printers to the Cloud.
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This will provide us with enough data to have more representative CUPs. The second perspective will consist of using other methods, such as regression, to estimate the usages from the ages. A comparison between the real and forecasted failures will allow us to select the best approach and thereby build accurate reliability models.
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 11 Fig. 11. Best distribution model fitting is lognormal k. For confidential reason, the figures were changedStandard reliability metrics can be then calculated for our PCB as detailed in Fig.12
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 15 Fig. 15. Comparison of 2019 failures between model and reality o. For confidential reason, the figures were changedVI. CONCLUSION AND FUTURE WORKIn this paper, we used field data recorded in our printers to build Customer Usage Profiles (CUPs). Then, we used these CUPs in a rawndom selection to convert the Age-To-Suspension, as well as the Age-To-Failure to respectively Usage-To-Suspension and Usage-To-Failure. This allows us to perform both age-based and usage-based analysis of warranty data. The data transformed is then used to build reliability models.