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Περίληψη 

Μια παραδοσιακή, ευρέως διαδεδοµένη µορφή οργάνωσης της βιοµηχανικής 

παραγωγής µεγάλης κλίµακας και µικρού εύρους είναι η αυτοµατοποιηµένη γραµµή 

παραγωγής. Σε µια αυτοµατοποιηµένη γραµµή παραγωγής, όλα τα υλικά επισκέπτονται 

τους ίδιους σταθµούς εργασίας εν σειρά, απλουστεύοντας έτσι την διακίνηση υλικών. 

Όλοι οι σταθµοί εργασίας είναι ολοκληρωµένοι σε ένα ενιαίο σύστηµα µε έναν κοινό, 

αυτοµατοποιηµένο µηχανισµό µετακίνησης και ένα κοινό σύστηµα ελέγχου και είναι 

συγχρονισµένοι έτσι ώστε να µπορούν να ξεκινούν τις εργασίες τους ταυτόχρονα. 

Επειδή οι αυτοµατοποιηµένες γραµµές παραγωγής είναι συστήµατα έντασης 

κεφαλαίου, είναι ιδιαίτερα σηµαντική η εξασφάλιση της απρόσκοπτης λειτουργίας 

τους. Μία στάση σε µια γραµµή παραγωγής λόγω βλάβης, πέρα από την µείωση της 

απόδοσης παραγωγής, µπορεί να επιφέρει και ποιοτικά προβλήµατα στα παραγόµενα 

προϊόντα. Αντικείµενο αυτής της διατριβής είναι η ανάπτυξη ποσοτικών προτύπων για 

την ανάλυση αξιοπιστίας και την εκτίµηση απόδοσης αυτοµατοποιηµένων γραµµών 
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παραγωγής, κυρίως όσον αφορά την ποιότητα και τον ρυθµό των παραγοµένων 

προϊόντων. 

Αρχικά, παρουσιάζουµε µια στατιστική ανάλυση δεδοµένων αξιοπιστίας µιας 

πραγµατικής αυτοµατοποιηµένης γραµµής παραγωγής, που καλύπτει µια περίοδο 

τεσσάρων ετών. Η ανάλυση περιλαµβάνει τον υπολογισµό των σηµαντικότερων 

περιγραφικών στατιστικών στοιχείων βλαβών, τον προσδιορισµό των σηµαντικότερων 

βλαβών, τον υπολογισµό των παραµέτρων κατανοµής και την διερεύνηση για την 

ύπαρξη αυτοσυσχέτισης και συσχέτισης στα στοιχεία βλαβών. 

Βασιζόµενοι στην ανάλυση των δεδοµένων αξιοπιστίας, στην συνέχεια 

µελετάµε το πρόβληµα του καθορισµού της συχνότητας επιθεωρήσεων ποιοτικού 

ελέγχου σε µια γραµµή παραγωγής. Αναπτύσσουµε ένα απλό µαθηµατικό πρότυπο ενός 

επιθεωρητή ποιότητας που πρέπει να καθορίσει την συχνότητα των επισκέψεών του 

στους σταθµούς εργασίας των γραµµών παραγωγής που βρίσκονται υπό την ευθύνη 

του, µε σκοπό να ελαχιστοποιηθεί ο συνολικός χρόνος παραγωγής των µη-

ανιχνευθέντων, ελαττωµατικών προϊόντων που παράγονται στις γραµµές. 

Τέλος, αναπτύσσουµε ένα µαθηµατικό πρότυπο µιας υποκείµενης σε βλάβες 

αυτόµατης γραµµή παραγωγής, χωρίς ενδιάµεσους χώρους αποθήκευσης, µε 

συγχρονισµένη, βηµατική κίνηση και συνεχή ροή της επεξεργασίας κατά µήκος κάθε 

σταθµού εργασίας. Όταν ένας σταθµός εργασίας πάθει βλάβη, σταµατά, µε αποτέλεσµα 

όλοι οι σταθµοί εργασίας που βρίσκονται στα ανάντη από αυτόν να σταµατούν επίσης. 

Η ποιότητα των προϊόντων που είναι παγιδευµένα στους σταµατηµένους σταθµούς 

εργασίας επιδεινώνεται µε τον χρόνο. Εάν τα προϊόντα αυτά παραµείνουν 

ακινητοποιηµένα στην ίδια θέση περισσότερο από ένα κρίσιµο χρονικό όριο τότε η 

ποιότητά τους γίνεται µη αποδεκτή και πρέπει να απορριφθούν. Αναπτύσσουµε 
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αναλυτικές εκφράσεις για σηµαντικά µέτρα απόδοσης του συστήµατος για δύο 

διαφορετικές εκδοχές του προτύπου, υπό την παραδοχή ότι οι χρόνοι βλάβης και 

επισκευής των σταθµών ακολουθούν κατανοµές «χωρίς µνήµη». Στην συνέχεια, 

χρησιµοποιούµε αυτές τις εκφράσεις για να µελετήσουµε την επίδραση των 

παραµέτρων του συστήµατος στην απόδοσή του. Για να αξιολογήσουµε την παραδοχή 

της έλλειψης µνήµης, συγκρίνουµε την απόδοση του αρχικού προτύπου µε αυτήν ενός 

τροποποιηµένου προτύπου, στο οποίο οι χρόνοι επισκευής δεν ακολουθούν κατανοµές 

χωρίς µνήµη. Η απόδοση του τροποποιηµένου προτύπου εκτιµάται µέσω 

προσοµοίωσης.
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Abstract 

A traditional, wide-spread form of organizing large-scale, narrow-scope industrial 

production is the automated production line. In an automated production line, all 

materials visit the same workstations in series, thus simplifying material handling. All 

the workstations are integrated in a unified system with a common automated transfer 

mechanism and a common control system and are synchronized so that they can begin 

their work simultaneously. Since automated production lines are capital intensive, it is 

particularly important to ensure their uninterrupted operation. A stoppage in a 

production line, due to a failure, causes a drop in production performance as well as 

possible quality problems on the products. The objective of this dissertation is to 

develop quantitative models for the reliability analysis and production evaluation of 

automated production lines, particularly concerning the quality and output rate of the 

manufactured products. 
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Initially, we present a statistical analysis of failure data of a real automated 

production line, covering a period of four years. The analysis includes the computation 

of the most important descriptive statistics of the failure data, the identification of the 

most important failures, the computation of the parameters of the theoretical 

distributions that best fit the failure data, and the investigation of the existence of 

autocorrelations and cross correlations in the failure data. 

Based on the analysis of the reliability data, we then study the problem of 

determining the frequency of quality control inspections in a production line. We 

develop a simple model of a quality inspector who must set the frequency of his visits to 

the workstations of the production lines under his responsibility, so as to minimize the 

total production time of undetected, defective products produced at the lines. 

Finally, we develop a model of a failure-prone, bufferless, paced, automatic 

transfer line, with continuous processing throughout the length of each workstation. 

When a workstation fails, it stops operating and so do all the other workstations 

upstream of it. The quality of the material trapped in the stopped workstations 

deteriorates with time. If this material remains still in the same place for a long enough 

time, its quality becomes unacceptable and must be scrapped. We develop analytical 

expressions for important system performance measures for two variants of the model, 

under the assumption that the workstation uptimes and downtimes follow “memoryless” 

distributions. We then use these expressions to study the effect of system parameters on 

system performance. To evaluate the memoryless assumption, we compare the 

performance of the original model with that of a modified model, in which the 

workstation downtimes do not follow memoryless distributions. The performance of the 

modified model is obtained via simulation. 
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Chapter 1 Introduction 

In this chapter, we provide some background information which supports the motivation 

behind this thesis. We also review the literature that is related to the thesis, and we give 

a brief description of the three main parts of the thesis that occupy Chapter 2, Chapter 3, 

and Chapter 4, respectively. 

1.1 Motivation and Background 

A traditional, wide-spread form of organizing high-volume, low-variety production is 

the manufacturing flow line or production line or transfer line. Transfer lines require all 

material to visit workstations in the same sequence, thus simplifying material handling. 

Transfer lines are common in both discrete-parts and continuous processing 

manufacturing. Discrete-parts manufacturing is characterized by individual parts that 

are clearly distinguishable and is often encountered in computer and electronic products, 

electrical equipment and appliances, transport equipment, machinery, fabricated metal, 

wood, furniture products, etc. Process industries, on the other hand, operate on material 

that is continually flowing, as is the case with petroleum and coal products, 

metallurgical products, nonmetallic mineral products (e.g., ceramics, glass, and cement), 

basic chemicals, food and beverage products, paper products, etc. Mass production of 

discrete parts shares many of the characteristics of the process industries. Conversely, 

sometimes in process industries, fluids are processed in distinct batches that can be 



2 

thought of as discrete parts. Generally, process industries are capital intensive and 

concerned with capacity. With increasing production volume, it becomes economically 

attractive to automate individual workstations, integrate them into one system by a 

common automated transfer mechanism and a common control system, and link them so 

that they can begin their tasks simultaneously and material movement is synchronized. 

Transfer lines with these characteristics are often referred to as synchronized or paced 

automatic transfer lines. 

The work in this thesis is motivated by a paradigm of an automated production 

line in the bread & bakery products industry, one of the most stable industries of the 

food manufacturing sector. According to the Annual Survey of Manufacturers for 2001, 

published by the U.S. Census Bureau of the Economics and Statistics Administration of 

the U.S. Department of Commerce (2003), the total value of shipments in the bread & 

bakery products manufacturing industry in the U.S. in 2001 was $31.2 billion. Of this 

amount, only $2.5 billion concerned retail bakeries, while the remaining $28.7 billion 

concerned commercial bakeries ($25.7 billion) and frozen cakes, pies, and other pastries 

manufacturing ($3.0 billion). 

Most bread & bakery products in the developed world are manufactured 

industrially on specialized, automated, high-speed production lines. Bread & bakery 

products manufacturers often buy entire automated production lines from a single food 

product machinery manufacturer. A typical line consists of several workstations in 

series integrated into one system by a common transfer mechanism and a common 

control system. Material moves between stations automatically by mechanical means, 

and no storage exists between stations other than that for material handling equipment 

(e.g., conveyors, pan handling equipment, bowl unloaders, etc.). Food product 
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machinery manufacturers usually design all the workstations in a production line based 

on the bottleneck workstation, i.e. the station with the lowest nominal production rate. 

The bottleneck station is important because it determines the nominal production rate of 

the entire line. In bread & bakery products manufacturing, the bottleneck workstation is 

almost always the baking oven. 

Food product machinery manufacturers worry more about the processing and 

engineering aspects of the lines that they manufacture than about their operations 

management aspects. An important managerial concern of the bread & bakery products 

manufacturers operating such lines is to keep production running with minimum 

interruptions. For this reason, the technicians who are responsible for the proper 

operation of the lines perform regular proactive maintenance operations on the lines. 

Unfortunately, even in the most carefully maintained production line, various pieces of 

equipment can break down because of undetected wear and tear on the individual 

machines and on the electronics and hardware for common controllers and transfer 

mechanisms. When an unexpected failure occurs, the failed equipment stops and forces 

most of the line upstream of the failure to operate without processing material, i.e. 

without actually producing, causing a gap in production downstream of the failure. As a 

result, the actual production rate of the line can be substantially less than its nominal 

production rate. 

The negative impact of failures on the actual production rate of automated 

production lines puts a pressure on bread & bakery products manufacturers to assess 

and improve the reliability of their lines. This pressure is heavier if the products are 

manufactured for immediate consumption than if they can be stored for several days or 

weeks. It creates the need to collect and analyze field failure data from the production 
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lines that they manage so that they can take measures to reduce the frequency and 

duration of failures. Such measures are primarily determined by good operating 

practices by the bread & bakery products manufacturers who operate the lines and good 

engineering practices by the food product machinery manufacturers who design the 

lines. Many managers of production lines routinely record failure data from their lines. 

Yet, the literature on field failure data of production lines is extremely scarce, perhaps 

because most managers do not want to share their data and/or they do not know exactly 

how to analyze and exploit it. The need for collecting and analyzing failure data from 

real automated production lines with scrapping of material during long failures 

motivated the work of Chapter 2 of this thesis. 

Some failures of equipment in automated, high-volume production lines may 

lead to product quality deterioration, if they remain undetected. Such failures may be 

due to human factors such as fatigue, distractions, low skill levels, job dissatisfactions, 

high turnover and absenteeism, and undesirable job attitudes and behavior. Non-human 

factors such as poorly maintained machine/equipment, defects in raw materials and so 

on, can also lead to failures that affect product quality. The cost of these failures can be 

categorized into two classes: internal failure costs and external failure costs. Internal 

failure costs are associated with correcting a defect before the customer receives the 

item. They include the costs related to scrap, rework, lost labor hours and machine 

capacity, failure analysis, re-inspection and retesting, downgrading, longer lead times, 

and higher inventory. External failure costs are associated with defects that are 

discovered after the product is shipped to the customer. They include warranty repairs 

and replacement and the loss of customer goodwill. They may also include costs related 

to legal liability and lawsuits. Product quality is usually appraised and controlled by 
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quality inspectors at all the workstations of a production line during the production 

process. The duty of a quality inspector is to detect failures that cause defects and 

subsequently worsen product quality. Once such a failure is detected, the inspector stops 

the line and calls maintenance technicians and workers to fix the failure. Many real-life 

manufacturing companies can not afford to have a quality inspector at each workstation 

of a production line. In a typical situation in the food industry, for example, a quality 

inspector is in charge of several lines, which he visits during his shift. If a failure that 

affects product quality takes place at one of the workstations of a line, the inspector will 

not detect it until his next visit to the point of failure. During the interval from the time 

of failure to the time of inspection and detection, defective products are being produced. 

The need to determine the frequency of the inspector’s visit to each workstation in order 

to minimize the total production time of undetected defective products motivated the 

work of Chapter 3 of this thesis. 

In bread & bakery products manufacturing, if a failure is sufficiently long, it 

may cause a gap in production not only downstream of the failure, but also upstream of 

the interruption, because some or all of the in-process material upstream of the 

interruption may have to be scrapped due to quality deterioration during the stoppage. 

As a result, the actual production rate of the line can be substantially less than its 

production rate after having accounted for the unavailability of the workstations due to 

failure. The most important type of quality deterioration is the rise of dough in the 

stages before baking. The problem of scraping during long failures, encountered in the 

production of bread & bakery products, is also encountered in the production of many 

other products in the food manufacturing sector, where certain processes (e.g. 

pasteurization, fermentation, proofing, carbonation, etc.) must be performed in a timely 
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and carefully controlled manner, and disruptions in the production process may cause 

quality deterioration. 

In fact, there is a plethora of manufacturing processes where material is scrapped 

because its physical and/or chemical characteristics fall out of specifications during a 

stoppage. A typical type of quality deterioration is material solidification. A plant 

manager in a large metallurgical products industry told us of a severe scrapping problem 

in the rolling process of his plant. In this process, a hot ingot is rolled into intermediate 

shapes, such as blooms, billets, and slabs, which are then further rolled into plates, 

sheets, bar stock, structural shapes, or foils. If there is a failure somewhere in the plastic 

deformation process (e.g. a hot billet is blocked in a rolling mill), the material that is 

trapped upstream of the failure stops moving. If the failure lasts long enough, the 

trapped material solidifies and has to be scrapped. A similar problem occurs in the 

thermosetting plastics industry. There, when a failure takes place in the molding phase 

(e.g. the mold starts to leak), the process upstream of the failure freezes, and the 

material in the die starts being polymerized or cured, which means that it solidifies. If 

the failure lasts beyond a certain critical time limit, the trapped material must be scraped 

because the polymerization process is irreversible. Another common cause of quality 

deterioration is caused over exposure of material to certain environments. For instance, 

in the rolling process of ingots described above, the ingots that are trapped in the 

furnace at the beginning of the process because of a failure further downstream may 

have to be scrapped too due to over heating. A similar situation is encountered in 

aluminum can transfer lines (Katok et al., 1999). In the washing stage of such lines, 

where the cans are cleaned with acids in a washer to remove all the cooling fluids and 

lubricants that were used during the preceding cup and body- pressing stages, if the cans 
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remain trapped in the washer for too long because of a failure further downstream, they 

are over-exposed to the acids in the washer. This affects their surface and consequently 

the quality of the graphics applied by the printer. If the damage is severe, the cans must 

be “canned.” In push-pull strip pickling lines in the iron & steel and aluminium 

industries, too, the material that is trapped in the rinsing section may have to be 

scrapped because strip staining may occur during long standstill times. In the production 

of machine made glass tableware (e.g. beverage glasses), a mixture of raw material, 

which is referred to as glass batch, is fed into a storage bin and is then melted in a 

furnace. Molten glass is drawn from the furnace and delivered to molding and forming 

equipment, where the glass is progressively formed into finished tableware, heat treated 

and cooled. The mixed batch storage bin may show dramatic signs of quality 

deterioration called segregation (e.g. visual blemishes or residual stresses, seeds and 

blisters (gas bubbles), and composition shifts), which increases in magnitude when the 

batching process is suspended for a period of time. In picture tube manufacturing, the 

aluminizing rail process is extremely precise and should not be interrupted. When an 

aluminizing conductor system goes down for a certain amount of time, the product on 

the loop during the aluminizing process becomes damaged and must be scrapped.  

There are countless other examples of manufacturing processes where material 

may have to be massively scrapped because of long stoppages, so the problem is very 

important from a manufacturing systems practitioner’s point of view. Yet, to the best of 

our knowledge, the problem has not been studied from a manufacturing systems 

engineering perspective, perhaps because most of the research effort in this area has 

been directed towards discrete parts manufacturing, where the problem of massive 

scrapping material during long failures is less severe than in automated continuous and 
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semi-continuous processes. The need for developing models for the performance 

evaluation of automated production lines with scrapping of material during long failures 

motivated the work of Chapter 4 of this thesis. 

1.2 Literature Review 

In this section, we present a literature review of the topics studied in Chapters 2 – 4. 

1.2.1 Failure Data Analysis 

The literature on field failure data is substantial. Most of it deals with the analysis of 

failure and repair data of individual equipment types. Recent examples include pole 

mounted transformers by Freeman (1996), airplane tires by Sheikh (1996), CNC lathes 

by Wang et al., (1999), offshore oil platform plants by Wang and Majid (2000), and 

medical equipment by Baker (2001).  

The literature on field failure data of production lines is scarce. Hanifin et al. 

(1975) used the downtime history recorded over a period of seven days, in a transfer 

line that machined transmission cases at Chrysler Corporation, in order to run a 

simulation of the line. They compared the performance of the line to that obtained by an 

analytically tractable model of the line, which was based on the assumption that the 

downtimes of the machines are exponentially distributed. In another work, Inman 

(1999) presented four weeks of actual production data from two automotive body-

welding lines. His aim was to reveal the nature of randomness in realistic problems and 

to assess the validity of exponential and independence assumptions for service times, 

interarrival times, cycles between failures, and times to repair. 
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The literature on field failure data of production lines in the food industry is 

even scarcer. Liberopoulos and Tsarouhas (2002) presented a case study of speeding up 

a croissant production line by inserting an in-process buffer in the middle of the line to 

absorb some of the downtime, based on the simplifying assumption that the failure and 

repair times of the workstations of the lines have exponential distributions. The 

parameters of these distributions were computed based on actual data collected over ten 

months. That work was inspired by the work of Burman et al. (1998) who performed a 

similar analysis on a printer production line. 

1.2.2 Quality, Production and Maintenance  

Although the literature on quality control and on maintenance is substantial, the 

interconnection between quality and maintenance has been somewhat overlooked. 

Statistical process control is one of the most common methods for controlling 

production quality. Burney and Al-Darrab (1998) studied an application of statistical 

quality control techniques on human performance evaluation in a service industry. It 

included data description, collection and analysis, and developed a subjective 

performance evaluation criterion. For many processes, it is not possible to separate 

process control from preventive maintenance because of their interrelationships. 

Tagaras (1988) developed an integrated cost model for the joint optimization of process 

control and maintenance. Ben-Daya and Duffuaa (1995) presented the relation and 

interaction between maintenance, production and quality. Bij and Ekert (1999) showed 

that a systematic design of quality control systems is necessary for the quality 

performance as well as the performance on the production control. Ben-Daya (1999) 

examined an integrated model for the joint optimization of production quality, design of 
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quality control parameters, and maintenance level. Ben-Daya and Rahim (2000) studied 

the effect of maintenance on the economic design of x-control charts for general time to 

shift distribution with increasing hazard rate. Rahim (1994) developed an economic 

model for joint determination of production quality, inspection schedule, and control 

chart design for a typical production process which is subject to non-Markovian random 

shock. 

Furthermore, Ahire et al. (1995) observed that a vast majority of literature on 

quality issues overlooked the relationship between quality improvement strategies and 

their associate financial performance measures. Shin and Min (2001) examined the 

effectiveness of the line-stop, on-line repair policy over traditional off-line repair 

policies for an assembly line, through two mathematical models based on total quality 

failure costs. 

1.2.3 Performance Evaluation of Transfer Lines and Scrapping 

The literature on transfer line modeling is vast. The earliest papers on transfer lines 

appeared in the 50’s and 60’s (Vladzievskii, 1950-1951, Zimmern, 1956, Koenigsberg, 

1959, Sevastyanov, 1962, Buzacott, 1967, Freeman, 1967). Much of the work on 

transfer lines that was done until the mid 90’s can be found in the review papers by 

Papadopoulos and Heavey (1996) and Dallery and Gershwin (1992) and the books by 

Askin and Standridge (1993), Buzacott and Shanthikumar (1993), Gershwin (1994), and 

Altiok (1996). Most of this work and the work that followed it dealt with the influence 

of buffer stock between the workstations of failure-prone transfer lines and the 

development of exact and approximate analytical results for evaluating the performance 

of such lines. Inserting buffers in low- to medium-speed transfer lines can be very 
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effective in increasing the actual production capacity of these lines, because the buffers 

absorb some of the downtime of the workstations. A key issue that arises in designing 

such lines is where to insert the buffers and how big to make them to maximize the 

effective production capacity of the line. This issue is often referred to in the literature 

as the buffer allocation problem. The research around this problem is very active even 

today. Some very recent references are Spinellis and Papadopoulos (2000), Helber 

(2001), Papadopoulos and Vidalis (2001), Sorensen and Janssens (2001), Tolio et al. 

(2002), Shi and Men (2003), Tempelmeier (2003), Diamantidis and Papadopoulos 

(2004), and Daskalaki and Smith (2004). Placing buffers in high-speed lines, however, 

is impractical, because buffers can hold only a relatively small amount of material and 

hence get full quickly, causing the entire line upstream of the failure to stop within a 

short period of time, as if there were no buffers between the workstations. Moreover, in 

many high-speed lines, especially in the process industries, it may not be possible to 

store in-process material because of technological limitations. For these reasons, high-

speed lines, generally, do not have buffers between workstations (Dogan and Altiok, 

1998). When an unexpected failure occurs in a bufferless line, the failed equipment 

stops and forces the part of the line upstream of the failure to go on standby mode, i.e., 

operate at a minimum level without transferring material, causing a gap in production 

downstream of the failure. Since a workstation on standby mode is for the most part 

operating, except that material movement has stopped (e.g., one does not shut down a 

furnace because of a failure further downstream), it may fail itself. It is, therefore, 

reasonable to assume that the failure times of workstations are time dependent and not 

operation dependent. Moreover, in many industries, if the failure is sufficiently long, 

some or all of the material that is trapped in the stopped section of the line may have 
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deteriorated in quality to such a point that it will have to be scrapped because it is 

unacceptable. Besides the havoc that this may bring about, it will also create a 

significant additional gap in production upstream of the interruption. As a result, the 

actual output rate of the line can be substantially lower than its nominal production rate. 

The costs associated with the drop in output and the scrapping of material can be 

significant, especially if the scrapped material is not reusable. 

We first encountered the problem of massively scrapping material during long 

failures (because of quality deterioration during a stoppage) in automatic transfer lines 

making bread & bakery products (Liberopoulos and Tsarouhas, 2002). There, the most 

important type of quality deterioration is the rise of dough in the stages before baking, 

i.e. in kneading, forming, topping, and proofing. There are a few works that explicitly 

model the scrapping of parts when a workstation of a transfer line fails. Okamura and 

Yamashina (1977) consider a two-workstation model in which whenever a workstation 

fails, the part in it is scrapped. Altiok (1996), (Ch. 5.2) considers a two-workstation line 

with no intermediate buffer. Each workstation can accommodate one part. When 

workstation i fails, the part being processed in it is scrapped when the workstation 

becomes operative. Dogan and Altiok (1998) consider a pharmaceutical transfer line 

with M workstations in series connected with conveyor segments and circular buffers 

with limited bank capacity in between workstations. Each workstation can 

accommodate one part. When workstation i fails, the part being processed in it is 

scrapped. Shanthikumar and Tien (1983) analyze a synchronous two-workstation 

transfer line with geometrically distributed uptimes and downtimes, in which, when a 

workstation fails, the part in it is scrapped with a certain fixed probability. Jafari and 

Shanthikumar (1987) extend this analysis to a synchronous M-workstation transfer line 
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and present an approximation technique to determine production rates and buffer levels. 

This model is also briefly discussed in Buzacott and Shanthikumar (1993), (Ch. 6.5.2). 

Apart from the above limited number of works on the relationship between scrapping 

and productivity, some work has been recently reported in the remotely related area of 

quality and productivity by Kim and Gershwin (2005) and in the more closely related 

area of rework/scrap and productivity. More specifically, Yu and Bricker (1993) 

consider scrapping and/or rework for multistage systems with unlimited buffer capacity. 

Gopalan and Kannan (1994) present a two-workstation zero-buffer model in which bad 

parts can be reworked or scrapped. Rework starts immediately at the workstation where 

the bad part is produced. Pourbabai (1990) describes a model with more than two 

workstations and non-zero buffers, but assumes that if a blockage occurs, the trapped 

parts are scrapped. Helber (2000) considers a transfer line in which a fixed percentage 

of the parts processed at some stations in the line may be scrapped or reworked at 

dedicated machines to meet product quality requirements. Reworked parts are not sent 

back into the main line. Li (2004) presents an overlapping decomposition method to 

approximate the throughput of production systems with rework loops but no scrapping. 

In all of the above works that involve scrapping, it is assumed that when a failure occurs 

at a workstation, a single part – that which is on the workstation – is either always 

scrapped or scrapped with a given static probability, independently of the failure time. 

1.3 Thesis Organization 

The rest of the thesis is organized as follows. 

In Chapter 2, we present a statistical analysis of failure data of an automated 

pizza production line, covering a period of four years. The analysis includes the 
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computation of the most important descriptive statistics of the failure data, the 

identification of the most important failures, the computation of the parameters of the 

theoretical distributions that best fit the failure data, and the investigation of the 

existence of autocorrelations and cross correlations in the failure data. 

In Chapter 3, we study the problem of determining the frequency of quality 

control inspections in a real tortilla and bread & bakery manufacturer producing, among 

other things, pizzas. Based on the statistical analysis of failure data performed in 

Chapter 2, we develop a very simple model of a quality inspector who visits several 

such lines and his goal is to allocate the number of his visits to the different workstation 

of the lines so as minimize the total production time of undetected defective products. 

In Chapter 4, we address the issue of massively scrapping material during long 

failures in bufferless, paced, automatic transfer lines. Specifically, we develop a model 

of a failure-prone, bufferless, paced, automatic transfer line, where material flows 

through a number of workstations in series, receiving continuous processing along each 

workstation. When a workstation fails, it stops operating and so do all the other 

workstations upstream of it. The quality of the material that is trapped in the stopped 

workstations deteriorates with time. If material remains trapped in a workstation beyond 

a certain critical time, its quality becomes unacceptable, so it must be scrapped. We 

develop analytical expressions for important system performance measures for the cases 

where material either has or does not have memory of the quality deterioration that it 

suffered during previous stoppages. In both cases, we assume that the workstation 

uptimes and downtimes follow memoryless distributions. We then use the analytical 

expressions to numerically study the effect of system parameters on system 

performance. To evaluate the memoryless assumption, we compare the performance of 
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the original model with that of a modified model, in which the workstation downtimes 

do not follow memoryless distributions. The performance of the modified model is 

obtained via simulation. 

Finally, in Chapter 5, we summarize the contributions of this thesis and point out 

directions for future research. 
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Chapter 2 Reliability Analysis of an Automated Production 

Line 

2.1 Introduction 

In this chapter, we perform a detailed statistical analysis on a set of field failure data 

obtained from a real automated pizza production line in a large manufacturer of bakery 

products and snacks. The data covers a period of four years and one month. Given the 

extensive length of the period covered, we hope that this work will serve as a valid data 

source for food product machinery manufacturers and bread & bakery products 

manufacturers, who wish to improve the design and operation of the production lines 

that they manufacture and operate, respectively. It can also be useful to reliability 

analysts and manufacturing systems analysts, who wish to model and analyze real 

manufacturing systems. 

The processing stages of manufacturing bread & bakery products is more or less 

the same for a wide range of different product types, such as breads, bagels, doughnuts, 

pastries, bread-type biscuits, toasts, cakes, crullers, croissants, pizzas, knishes, pies, 

rolls, buns, etc. Consequently, the production lines that make bread & bakery products 

are similar for most types of such products. The analysis of failure data of the pizza 

production line presented in this chapter, should therefore apply not only to pizza 

makers, but also to manufacturers of other bread & bakery products. It should also 
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apply to manufacturers in the sister industries of cookie, cracker, and pasta 

manufacturing and tortilla manufacturing. Finally, it should be somewhat relevant to 

manufacturers in other industries in the food manufacturing sector, particularly 

industries that have quality and sanitation concerns and processing and material 

handling stages (e.g., mixing, spreading, cutting, baking, freezing, packaging, 

transporting, etc.) that are similar to these in the bread & bakery products manufacturing 

industry. 

The rest of this chapter is organized as follows. In Section 2.2, we describe the 

production process of the automated pizza production line that we studied, and in 

Section 2.3, we describe the operations management policies of this line. In Section 2.4, 

we describe the construction of the failure data of the line from the failure records kept 

by the technicians of the line. In Section 2.5, we present the most important descriptive 

statistics of the failure data for all machines and workstations in the line, and in Section 

2.6, we identify the most important failure modes. In Section 2.7, we identify the failure 

and repair time distributions, and in Section 2.8, we determine the degrees of 

autocorrelation and cross correlation in the failure data. Finally, we draw conclusions in 

Section 2.9. 

2.2 Description of the Production Process of the Pizza Production 

Line 

The automated pizza production line that we studied is typical of its kind and consists of 

several workstations in series integrated into one system by a common transfer 

mechanism and a common control system (see Figure 2-1). Each workstation contains 

one or more machines, and each machine may have several failure modes. The 
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movement of material between workstations is performed automatically by mechanical 

means. There are six distinct stages in making pizzas: kneading, forming, topping, 

baking, proofing, and wrapping. Each stage corresponds to a distinct workstation, as 

follows.  
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Figure 2-1: Block diagram of the pizza production line. 

In workstation 1, flour from the silo and water are automatically fed into the 

removable bowl of the spiral kneading machine. Small quantities of additional 

ingredients such as sugar and yeast are added manually. Once the dough is kneaded, the 

bowl is manually unloaded from the spiral machine and loaded onto the elevator-tipping 

device that lifts it and tips it to dump the dough into the dough extruder of the 

lamination machine in the next workstation. 

In workstation 2, the dough that is fed into the lamination machine is laminated, 

folded, reduced in thickness by several multi-roller gauging stations to form a sheet. 



19 

The sheet is then automatically fed into the pizza machine, which cuts it into any shape 

(usually a circle or a square) with a rotary cutting roller blade or guillotine (see Figure 

2-2). The entire process is fully automated. At the exit of the pizza machine, the pizzas 

are laid onto metal baking pans that are automatically fed to the next workstation. 

 

Figure 2-2: Picture of a lamination machine followed by a pizza machine (source: 

Rademaker BV, Food Processing Equipment). 

In workstation 3, tomato sauce, grated cheese and other toppings, such as 

vegetables, ham, pepperoni cubes, and sausages, are automatically placed on the pizza 

base by a target topping system leaving a rim free of topping (see Figure 2-3). One of 

the reasons that the toppings are placed on the pizza base before the pizza is baked is to 

prevent the pizza base from rising. 

In workstation 4, the baking pans are placed onto a metal conveyor which passes 

through the baking oven (see Figure 2-4). The pans remain in the oven for a precise 

amount of time until the pizzas are partially or fully baked. Extra toppings are 

optionally placed on top of the pizzas at the exit of oven (usually for partially baked 

pizzas). 
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Figure 2-3: Picture of a topping workstation (source: Rademaker BV, Food Processing 

Equipment). 

 

Figure 2-4: Drawing of a baking oven (source: Rademaker BV, Food Processing 

Equipment). 

In workstation 5, the baking pans are collated together and fed into the proofer 

entrance. As soon as they enter the proofer, they are moved onto the stabilized proofer 
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trays by means of a pusher bar. The proofer trays are automatically transported inside 

the proofer horizontally by conveyors and vertically by so-called “paternoster” lifts in 

order for the pizzas to cool down and stabilize (see Figure 2-5). The baking pans are 

pushed off the stabilized proofer trays onto the outfeed belt and are automatically 

transported out of the proofer. 

 

Figure 2-5: Drawing of a proofing workstation (source: Rademaker BV, Food 

Processing Equipment). 

In workstation 6, the pizzas are automatically lifted from the baking pans and are 

flow-packed and sealed by a horizontal, electronic wrapping machine. The empty pans 

are automatically returned to the pizza machine. The final products that exit from the 

pizza production line are loaded onto a conveyor. From there, they are hand-picked and 
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put in cartons. The filled cartons are placed on a different conveyor that takes them to a 

worker who stacks them on palettes and transfers them to the finished-goods warehouse. 

As was mentioned in Chapter 1, various parts of the equipment of the line 

described above is subject to failures. Apart from the failures in this equipment, there 

are also a few exogenous failures that affect the entire line. To take into account these 

exogenous failures, we define a seventh pseudo-workstation and call it the “exogenous” 

workstation. The exogenous workstation has four pseudo-machines that correspond to 

the electric, water, gas and air supply, respectively. Each pseudo-machine has a single 

failure mode corresponding to a failure in the supply of one of the four resources 

mentioned above. Failures at workstation 7 are not that frequent, but they are important 

because they affect the entire line. The most significant of these failures is the failure of 

the electric power generator that temporarily supplies the system with electricity in case 

of an electric power outage. Throughout the chapter we use the following notation to 

distinguish between the different levels of failures in the production line: 

WS.i = Workstation i, 

M.i.j = Machine j of workstation i, 

F.i.j.k = Failure mode k of machine j of workstation i. 

Using the above notation, the workstations and machines of the pizza production 

line are shown in Table 2-1. The number of recorded failure modes at each machine is 

indicated inside a parenthesis next to the machine code. Also, the processing time per 

pizza at the machine or workstation level is indicated inside a parenthesis below the 

machine or workstation name. This time is equal to the capacity of the particular 
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machine or workstation divided by the nominal production rate of the line, according to 

Little’s formulas (1961) in Queueing Theory. 

Workstation  Machines 
WS.1 

Kneading 
 M.1.1 (121) 

Flour silo 
(3 min2) 

M.1.2 (9) 
Mixer 

(25 min) 

M.1.3 (2) 
Elevator-tipping 

device 
(1 min) 

 

WS.2 
Forming 

 M.2.1 (33) 
Lamination 

machine 
(30 min) 

M.2.2 (19) 
Pizza machine 

(5 min) 

  

WS.3 
Topping 
(5 min) 

 M.3.1 (27) 
Topping 
machine 

   

WS.4 
Baking 
(2 min) 

 M.4.1 (10) 
Baking oven 

   

WS.5 
Proofing 
(50 min) 

 M.5.1 (5) 
Load zone 

M.5.2 (7) 
Transporter 

M.5.3 (13) 
Pan cooling unit 

M.5.4 (5) 
Unload 

zone 
WS.6 

Wrapping 
(8 min) 

 M.6.1 (22) 
Lifting machine 

M.6.2 (28) 
Wrapping 
machine 

M.6.3 (7) 
Carton machine 

 

WS.7 
Exogenous 

 M.7.1 (1) 
Electric power 

M.7.2 (1) 
Water supply 

M.7.3 (1) 
Gas supply 

M.7.4 (1) 
Air supply 

1 Number of recorded failure modes. 
2 Processing time per pizza in minutes. 

Table 2-1: The workstations and machines of the pizza production line. 

2.3 Description of the Operations Management Policies of the Pizza 

Production Line 

The pizza production line described in the previous section operates in three eight-hour 

shifts during each workday, and pauses during the weekends. The first shift of the week 

starts late on Sunday evening to produce the first finished products for shipment early 

on Monday morning. The last shift of the week ends early on Saturday morning. The 
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rest of the weekend (mostly Saturday and, if necessary, Sunday) is spent on proactive 

maintenance operations on the line. The goal of proactive maintenance is to ensure good 

operating conditions for the line in order to prevent future failures. Proactive 

maintenance includes preventive and predictive maintenance. 

Preventive maintenance is performed periodically on weekends and involves a 

well-defined set of tasks, such as inspection, cleaning, lubrication, adjustment, 

alignment, etc., at specific points of the line. It is meant to ensure good operating 

conditions for the line. The frequency of preventive maintenance tasks varies. For 

example, the following preventive maintenance operations are performed every 

weekend: (1) Inspection of conveyor belts and scraping of dough that has accumulated 

on the machines and conveyor belts during production, (2) inspection and cleaning of 

nozzles and pneumatic system at the topping machine, (3) inspection and adjustment of 

the rotary cutting roller in the pizza machine, and (4) adjustment of the cutting knives at 

the wrapping machine. The following preventive maintenance operations are performed 

roughly every three weekends: (1) Test of the operation of the entire line without 

processing material, i.e. without actually producing, and repair of problematic 

equipment, (2) inspection and cleaning of filters in the flour silo, the pan cooling unit in 

the proofer, the oven burner, and various electric panels, (3) inspection and adjustment 

of the burner operating settings, (4) inspection and alignment of forks that automatically 

lift pizzas from the baking pans at the lifting machine, (5) inspection of the circulation 

of the baking pans from the pizza machine to the lifting machine. Finally, 

approximately every ten weekends, the entire line is lubricated. 

Predictive maintenance estimates when a piece of equipment is near failure and 

should therefore be repaired during the regular preventive maintenance operations of the 
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immediately following weekend. In the pizza production line that we studied, this 

estimation is based on simple visual signs and acoustic emissions observed by the 

technicians who are responsible for the proper operation of the line during production. 

Typical examples of signs that a piece of equipment is near failure are abnormal 

vibrations at different moving parts of the machines, deep scratches on conveyor belts, 

etc. 

Preventive and predictive maintenance is meant to increase the reliability of the 

pizza production line but can not fully prevent failures from occurring during 

production. When a failure occurs, the technicians who are responsible for the proper 

operation of the line perform the necessary corrective maintenance operations to repair 

the failure. These technicians (a mechanic and an electrician) are also responsible for 

keeping hand-written records of the failures. The next section describes how we 

constructed field failure data from these records covering a period of four years and one 

month. 

2.4 Construction of the Field Failure Data 

We had access to hand-written records of failures that the line technicians kept during 

each shift. These records covered a time period of 1491 days, i.e. four years and one 

month. During this period, the line operated for 24 hours a day, with three eight-hour 

shifts during each day, for a total of 883 working days. The records included the failure 

mode or modes that had occurred during each shift, the action taken to repair the failure, 

the down time, but not the exact time of failure. This means that our accuracy in 

computing the time to failure (TTF) of a particular failure mode, machine, workstation, 

or of the entire line itself is in the order of number of eight-hour shifts. The time to 
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repair (TTR) a failure, on the other hand, was recorded in time units of minutes. From 

the records, we counted a total of 1773 failures for the entire line, which were classified 

into 203 different failure modes. Besides these failure modes, which interrupted 

production, there were 13 additional failure modes, which had no direct effect on 

production and were thus excluded from the data. The precise definitions of TTF and 

TTR that we used are described next. 

The TTF of a particular equipment at a particular level (failure mode, machine, 

workstation, or the entire line) is defined as the time that elapses from the moment the 

equipment goes up and starts operating after a failure, until the moment it goes down 

again and stops operating due to a new failure, under the proactive maintenance policy 

described in Section 2.3. The TTF excludes the weekends and breaks, during which the 

line is not operating, but includes the times between successive proactive maintenance 

operations on the line. This suggests that the TTF may be influenced by the proactive 

maintenance policy. This may not be desirable from a reliability analysis point-of-view, 

but it is unavoidable, because no company is willing to operate a real production line for 

a long time without performing proactive maintenance, just so that it can collect pure 

TTF data. Nonetheless, in the pizza production line that we studied, the influence of the 

proactive maintenance policy on the TTF is minimal, because the company that operates 

the line performs proactive maintenance at a bare minimum level. More specifically, as 

was mentioned in Section 2.3, the proactive maintenance policy implemented by the 

company is meant to ensure good operating conditions for the line by means of careful 

cleaning, adjustments, alignments, etc., and not to preventively replace equipment and 

hence affect its age. In fact, the company never replaces machine parts as the machine 

manufactures suggest in their manuals, unless they fail. 
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The above definition of TTF assumes that failures are time-dependent and not 

operation-dependent. This assumption is not far from the truth for the pizza production 

line that we studied, because, as was mentioned in Section 1.1, when a failure occurs, 

most of the line upstream of the failure keeps operating without processing material (i.e. 

it goes through the motions without actually producing), therefore causing a gap in 

production downstream of the failure. The only failures that might be more accurately 

described as operation-dependent than time-dependent are the failures of the machines 

in WS.1 and a few minor failures of equipment which is directly involved in the 

engagement of material. This is because the machines in WS.1 stop operating when a 

failure occurs downstream of WS.1, and some failures of equipment which is involved 

in the engagement of material can not occur when this equipment is not actually 

processing material, even though it may be operating. For example, the nozzles of the 

topping machine can not be clogged if they are not supplied with tomato sauce, even if 

they are operating (i.e. going through the motions without pumping tomato sauce). 

Also, the carton sealing mechanism can not be misaligned if it is not supplied with a 

sealing tape, even if it is operating. Another group of failures that might be more 

accurately characterized as operation-dependent than time-dependent are failures in the 

supply of electric power or air, because when such failures occur, the entire line freezes. 

The above failures, however, have a minor impact on the TTF of other failure in the 

sense that either they occur infrequently or they are very short. Therefore, apart from 

these few minor exceptions, failures of all workstations are close to being time-

dependent. 

The TTR of a failed equipment is the time that elapses from the moment the 

equipment goes down and stops until the moment it goes up and starts operating again. 
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It includes the time until the arrival of the technicians who are responsible for the proper 

operation of the line. This time is usually very short (1-5% of the total TTR), because 

the technicians are always by the line to make sure that it is working properly. The TTR 

also includes the time it takes for the technicians to detect the exact cause of the failure 

and plan the necessary actions to repair it (5-10% of the TTR). Once the failure is 

detected, one of the two technicians goes to pick up the necessary spare parts from the 

warehouse, while the other starts the repair process. The first stages of the repair process 

usually consist of disassemblying the failed equipment. The trip of the technician to the 

warehouse and back to the line is simultaneous to the first stages of the repair process, 

so it is not counted in the TTR. In the rare situation where no spare parts are available in 

the warehouse, the technicians improvise a temporary repair solution from other 

existing spare parts. The repair process itself is the biggest part of the TTR (80-90% of 

the TTR) and is usually undertaken by the two technicians. In case of a major failure, 

the assistance of a larger group of people may be required. Once the repair is completed, 

the equipment is tested to see that it operates properly. The test time is usually quite 

short (5% of the TTR). In the rare situation where the equipment does not operate 

properly, the technicians go back to the failure detection phase. When such a situation 

occurs, it is likely that the failure has a second cause. 

As was mentioned above, when a failure occurs, most of the line upstream of the 

failure keeps operating without processing material, i.e. without actually producing, 

therefore causing a gap in production downstream of the failure. If the failure takes 

place in the baking oven (M.4.1 or equivalently WS.4), the oven losses temperature 

during the failure; therefore, in addition to the TTR of the oven, denoted by 

TTR(M.4.1), an extra time to reheat the oven to the specified operating temperature may 
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be required. Specifically, if TTR(M.4.1) is less than 5 minutes, then no extra time to 

reheat the oven is required. If TTR(M.4.1) is greater than 5 minutes, however, the extra 

time required to reheat the oven is approximately equal to the difference TTR(M.4.1) – 

5. In this case, the actual TTR(M.4.1) becomes TTR(M.4.1) + TTR(M.4.1) – 5. 

For any failure at any part of the line downstream of the flour silo (M.1.1), if the 

failure is sufficiently long, an additional production gap is created upstream of the 

failure, because some or all of the in-process material upstream of the failure will have 

to be scrapped due to quality deterioration during the stoppage. The most important type 

of quality deterioration in bread & bakery products manufacturing is the rise of dough. 

The maximum acceptable standstill time of dough (i.e. the time it can remain still 

without rising to an unacceptable level) is related to the proofing time of the yeast used 

in the dough. For products that use yeast with a long proofing time (over three hours), 

such as croissants, the maximum acceptable standstill time is approximately 45 minutes. 

For products that use yeast with a short proofing time (below one hour), such as pizzas, 

the maximum acceptable standstill time is shorter. For the pizza production line that we 

studied, the maximum acceptable standstill time was 25 minutes. With this in mind, the 

total gap in production caused by a failure is equal to the TTR of the failure plus the 

total processing time of the material that is scrapped upstream of the failure, if the TTR 

of the failure is greater than 25 minutes. We refer to the time corresponding to the total 

gap in production as the time of lost production (TLP). With this in mind, we computed 

the values of TLP at various parts of the line according to the rules shown inTable 2-2. 

Note that the conditions concerning TTR(M.4.1) in Table 2-2 are compact 

representations of more complex conditions. Namely, the condition “5 < TTR(M.4.1) < 

15” in row 6 is a compact representation of the condition “TTR(M.4.1) > 5 and 
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TTR(M.4.1) + TTR(M.4.1) – 5 < 25.” Similarly, the condition “TTR(M.4.1) > 15” in 

row 7 is a compact representation of the condition “TTR(M.4.1) + TTR(M.4.1) – 5 > 

25.” 

IF  THEN 

TTR(M.1.2) > 25  TLP(M.1.2) = TTR(M.1.2) + 25 (scrap material in M.1.2) 

TTR(M.1.3) > 25  TLP(M.1.3) = TTR(M.1.3) + 25 (scrap material in M.1.2 and 
M.1.3) 

TTR(M.2.1) > 25  TLP(M.2.1) = TTR(M.2.1) + 25 + 30 (scrap material in 
M.1.2- M.2.1) 

TTR(M.2.2) > 25  TLP(M.2.2) = TTR(M.2.2) + 25 + 30 + 5 (scrap material in 
M.1.2-M.2.2) 

TTR(M.3.1) > 25  TLP(M.3.1) = TTR(M.3.1) + 25 + 30 + 5 + 5 (scrap material 
in M.1.2-M.3.1) 

5 < TTR(M.4.1) < 15  TLP(M.4.1) = TTR(M.4.1) + TTR(M.4.1) – 5 (reheat oven) 

TTR(M.4.1) > 15  TLP(M.4.1) = TTR(M.4.1) + TTR(M.4.1) – 5 + 25 + 30 + 5 
+ 5 + 2 (reheat oven and scrap material in M.1.2-M.4.1) 

TTR(WS.5) > 25  TLP(WS.5) = TTR(WS.5) + 25 + 30 + 5 + 5 + 2 (scrap 
material in WS.1-WS.4 and manually unload material after 
WS.4 in order not to block the line) 

TTR(WS.6) > 25  TLP(WS.6) = TTR(WS.6) + 25 + 30 + 5 + 5 + 2 (scrap 
material in WS.1-WS.4 and manually unload material after 
WS.5 in order not to block the line) 

TTR(WS.7) > 25  TLP(WS.7) = TTR(WS.7) + 25 + 30 + 5 + 5 + 2 (scrap 
material in WS.1-WS.4) 

Otherwise  TLP(X) = TTR(X), where X is any workstation or machine. 

Table 2-2: Computation of TLP at different parts of the pizza production line. 

To obtain a graphical representation of the frequency distribution of the failure 

data, we constructed histograms of TTF, TTR, and TLP. To do this we grouped TTF, 

TTR, and TLP into classes and plotted the frequency of number of observations within 

each class versus the interval times of each class. Figure 2-6 shows the histograms of 

TTF, TTR, and TLP at the entire production line level. The histograms of TTF and TTR 
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exhibit the typical skewed shape of the Weibull distribution function, whereas the 

histogram of the TLP has a double peak, because TLP is equal to TTR plus an extra 

time that is added in case material is scrapped. 
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Figure 2-6: Histograms of TTF, TTR, and TLP for the pizza production line. 

2.5 Computation of the Most Important Descriptive Statistics of the 

Failure Data 

Descriptive statistics computed from the failure data are very important for drawing 

conclusions about the data and may be useful in identifying important failures as well as 

identifying or eliminating candidate distributions for TTF, TTR, and TLP. From the 

records, we computed the sample mean and standard deviation of the failure data at all 

levels of failures, i.e. at the levels of failure modes, machines, workstations, and the 

entire line. The sample size for computing the parameters the TTR and TLP is equal to 

the number of failures, N, whereas the sample size for computing the parameters of TTF 
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is equal to N – 1. Table 2-3 shows the sample mean and standard deviation of the failure 

data and the resulting availability and efficiency at the machine, workstation, and 

production line levels, where the availability is defined as the percentage of time that 

the equipment is up, and the efficiency is the availability multiplied by the yield. More 

specifically, the availability and efficiency are computed as follows: 

Availability = mean TTF / (mean TTF + mean TTR), 

Yield = [mean TTF – (mean TLP – mean TTR)] / mean TTF, 

Efficiency = Availability × Yield = 1 – [mean TLP / (mean TTF + mean TTR)]. 

The descriptive statistics of the failure data at the failure mode level, for the 

most important failure modes, are shown in Table 2-3. From this table, we can make the 

following observations. 

First, the sample size of failures at some machines is very small. Specifically, in 

the case of M.7.2, there was only one failure, so there are not enough data to compute 

TTF. In the cases of M.1.3, M.7.3, and M.7.4, there were only two failures, so the 

sample size is still too small to provide any reliable information about the data, 

especially TTF. 

The second observation is that the three workstations with the most frequent 

failures and lowest availabilities are WS.2, WS.5, and WS.6, in decreasing order of 

failure frequency and increasing order of availability. Indeed, the most failure-prone 

workstation, WS.2, is at the heart of the production process and consists of a very 

complex set of equipment with a total of 52 different failure modes (see Table 2-1). 

The third observation is that the machines with the three most frequent failures 

are M.2.2, M.2.1, and M.3.1, in decreasing order of failure frequency. 
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  TTF TTR TLP   

Level N Mean Std. Dev. Mean
Std. 
Dev. Mean 

Std. 
Dev. AvailabilityEfficiency

M.1.1 77 31.8289 44.6158 47.792244.1550 47.7922 44.1550 0.9969 0.9969 
M.1.2 50 49.4082 53.3307 40.300016.2697 64.3000 18.4615 0.9983 0.9973 
M.1.3 2 1.0000 - 20.0000 0.0000 45.0000 0.0000 - - 
M.2.1 256 10.0471 11.6962 47.949220.2918 101.875023.2590 0.9902 0.9791 
M.2.2 358 7.2297 15.9776 39.790520.2166 92.2486 34.3819 0.9887 0.9737 
M.3.1 197 12.8469 21.2901 21.903612.9286 37.0812 38.7197 0.9965 0.9940 
M.4.1 102 26.0693 34.1445 31.225532.0229 124.451064.0457 0.9975 0.9901 
M.5.1 113 22.9821 24.5940 20.7965 8.1165 39.7699 37.3021 0.9981 0.9964 
M.5.2 86 30.9294 37.1204 37.965125.6490 83.9302 50.1899 0.9974 0.9944 
M.5.3 102 25.3960 35.2026 29.902012.7811 75.8824 39.4944 0.9976 0.9938 
M.5.4 72 35.2394 50.8279 21.2500 6.0369 39.8611 35.3790 0.9987 0.9976 
M.6.1 138 19.0292 24.1192 27.536216.4699 58.6087 46.5424 0.9970 0.9969 
M.6.2 100 26.6768 33.1979 37.000021.9619 80.5500 49.2699 0.9971 0.9937 
M.6.3 63 40.8226 69.0978 12.9365 3.1921 12.9365 3.1921 0.9993 0.9993 
M.7.1 51 49.8800 84.4122 42.941232.8508 94.1765 52.2937 0.9982 0.9961 
M.7.2 1 - - 45.0000 - 112.0000 - - - 
M.7.3 2 9.0000 - 70.0000 0.0000 137.0000 0.0000 - - 
M.7.4 2 27.0000 - 35.0000 7.0711 102.0000 7.0711 - - 
WS.1 129 20.6250 24.2760 44.457435.8013 54.1473 36.7961 0.9955 0.9946 
WS.2 614 4.2104 6.2431 43.192220.6281 96.2622 30.5949 0.9791 0.9534 
WS.3 197 12.8469 21.2901 21.903612.9286 37.0812 38.7197 0.9965 0.9940 
WS.4 102 26.0693 34.1445 31.225532.0229 124.451064.0457 0.9975 0.9901 
WS.5 373 7.0806 7.6805 27.332416.4178 59.8445 45.4010 0.9920 0.9825 
WS.6 301 8.8033 11.2010 27.624618.9672 56.3389 48.8444 0.9935 0.9868 
WS.7 56 45.3636 80.2326 43.660731.7875 96.3036 50.5669 0.9980 0.9956 
LINE 1773 1.4980 1.8007 34.260723.2094 72.0976 49.2956 0.9545 0.9043 

Table 2-3: Descriptive statistics of the failure data at the machine, workstation and 

production line levels. 

Another observation is that the availability and efficiency of the entire line are 

95.45% and 90.43%, respectively. Note that these numbers also agree with the zero-

buffer availability/efficiency formula given in Buzacott and Shanthikumar (1993), 

which states that if there are no intermediate storage buffers between the workstations 

of a production line, the availability/efficiency of the line is equal to the product of the 
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availabilities/efficiencies of the individual workstations. Indeed, the product of 

availabilities of the workstations is 95.29%, and the product of efficiencies is 90.07%. 

The final observation is that the coefficient of variation (CV) of a random 

variable is a dimensionless measure of the variability of the random variable and is 

defined as the ratio of the standard deviation over the mean of the random variable. The 

CVs of the TTF at all levels is greater than one, meaning that the TTF have high 

variability, whereas the CVs of the TTR and TLP at all levels is smaller than one 

(except for the CV of TTR(M.4.1), which is slightly greater than one), meaning that the 

TTR and TLP have low variability. 

In addition to the gap in production caused by TLP, a twenty-minute break takes 

place at the turn of every eight-hour shift to allow workers to move in and out of the 

shift, causing an extra 4.16% drop in the production rate of the line. With this in mind, 

the ratio of the actual production rate to the nominal production rate becomes 

(90.43%)(100% – 4.16%) = 86.67%. This ratio agrees with the 87% output efficiency of 

the line, which was computed from the company’s production output records that were 

collected independently of the failure data. This agreement validates the collection and 

analysis of the failure data. 

2.6 Identification of the Most Important Failures 

From the descriptive statistics of the failure data at the failure mode level, which were 

not included in Table 2-3 due to space considerations, we identified the most important 

failure modes according to several criteria. Table 2-4 lists the ten most important failure 

modes, among those failure modes which occurred more than eight times, i.e. relatively 
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frequently, according to the following criteria: smallest mean TTF, largest CV of TTF, 

largest mean TLP, largest CV of TLP and smallest efficiency. 

The descriptions of the failure modes that appear in Table 2-4 is given in Table 

2-5. The descriptive statistics of the failure data at the failure mode level, for the most 

important failure modes in Table 2-4 are shown in Table 2-6. 

Smallest 
Mean TTF 

Largest 
CV of TTF

Largest 
Mean TLP

Largest 
CV of TLP

Smallest 
Efficiency 

F.2.1.9 F.6.3.4 F.4.1.3 F.3.1.23 F.2.1.9 
F.5.1.1 F.4.1.2 F.2.2.8 F.6.1.5 F.2.2.8 
F.3.1.2 F.2.2.8 F.2.1.27 F.3.1.25 F.4.1.6 
F.2.2.8 F.2.2.9 F.2.2.15 F.3.1.9 F.7.1.1 
F.2.2.13 F.5.3.2 F.2.1.4 F.5.1.1 F.2.2.11 
F.5.4.1 F.6.1.6 F.2.1.16 F.3.1.3 F.5.2.4 
F.4.1.6 F.2.2.11 F.2.2.17 F.6.1.18 F.2.1.4 
F.6.3.4 F.1.1.7 F.4.1.6 F.1.1.1 F.2.2.13 
F.7.1.1 F.2.2.12 F.2.1.17 F.5.4.1 F.2.2.12 
F.5.3.1 F.2.2.16 F.5.2.4 F.6.1.6 F.2.2.15 

Table 2-4: Ten most important failure modes according to five criteria. 

Table 2-4, Table 2-5, and Table 2-6 comprise a very valuable and informative 

guide for food product machinery manufacturers and bread & bakery products 

manufacturers who wish to improve the design and operation of the production lines 

they manufacture and run, respectively. A good starting point for making improvements 

would be for the designers and operators of the line to focus on the failure modes with 

the smallest efficiencies. If two failure modes have the same efficiencies, then the 

failure mode with the highest mean TLP should be looked at first, because this failure 

creates a larger disturbance. The data would also be useful to manufacturing systems 

researchers as a real-world test case for evaluating analytic throughput estimation 

methods. 
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Failure 
mode 

 Description 

F.1.1.1  Blocking of air transport of flour at the flour silo 
F.1.1.7  Failure at the electric power panel (fuse or relay) 
F.2.1.4  Torn conveyor belt at the lamination machine 
F.2.1.9  Broken double motion-chain in the extruder of the lamination machine 
F.2.1.16  Failure of sensor at lamination machine 
F.2.1.17  Blockage of the security casing at the lamination machine 
F.2.1.27  Failure of motor inverter at the lamination machine 
F.2.2.8  Motion-chain at the pizza machine is out-of-phase 
F.2.2.9  Blocking of pans at the pizza machine 
F.2.2.11  Torn conveyor belt at the pizza machine 
F.2.2.12  Failure of the rotary cutting roller or guillotine 
F.2.2.13  Realignment of laminated dough on the conveyor at the pizza machine 
F.2.2.15  Blocking of mechanism that lays pizzas onto metal baking pans 
F.2.2.16  Broken belt stretcher under pizza machine  
F.2.2.17  Blockage of the security casing at the pizza machine 
F.3.1.2  Failure of pneumatic system with pistons at the topping machine 
F.3.1.3  Failure at the pan brake-system at the topping machine 
F.3.1.9  Leaking gasket at the toping machine 
F.3.1.23  Cleaning of malfunctioning nozzles of the topping machine 
F.3.1.25  Cleaning of clogged nozzles at the topping machine 
F.4.1.2  Broken motion-chain of metal conveyor 
F.4.1.3  Blocking of pans in the oven 
F.4.1.6  Failure of burner at the baking oven 
F.5.1.1  Blocking of pans at the entrance of the load zone in the proofing section 
F.5.2.4  Blocking of pans at the entrance (load zone) of the transporter in the 

proofing section 
F.5.3.1  Clogged nozzles at the cooling unit of the proofing section 
F.5.3.2  Cleaning of air filters at the transporter in the proofing section 
F.5.4.1  Blocking of pans at the exit (unload zone) of the transporter in the proofing 

section 
F.6.1.5  Failure of the forks that automatically lift pizzas from the baking pans 
F.6.1.6  Blocking of pans at the pizza lifting machine 
F.6.1.18  Alignment of head at the pizza lifting machine 
F.6.3.4  Adjustment of carton sealing mechanism 
F.7.1.1  Failure at the electric power generator 

Table 2-5: Description of the failure modes of Table 2-4. 

From Table 2-6, the failure mode with the smallest efficiency (99.00%) is the 

braking of the double motion-chain that turns the extruder cylinders of the lamination 

machine and is powered by a motor (F.2.1.9), so it should be looked at first. The 
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efficiency of F.2.1.9 is that low because F.2.1.9 has a relatively high mean TLP 

(89.6667 min) and a relatively small mean TTF (18.5 shifts). A more careful look at the 

data of Table 2-6, however, shows that F.2.1.9 occurred only 15 times during the entire 

period of four years and one month (883 working days) examined. A simple division of 

the period examined, i.e. 883 days × 3 shifts per day, by the number of failures, i.e. 15 

failures, yields an approximate mean TTF of 176.6 shifts instead of the 18.5 shifts listed 

in Table 2-6. Why is there such a difference between the two numbers? Looking back at 

the original records, we found that all the 15 occurrences of F.2.1.9 happened within a 

short period of three months rather than the entire period of four years. This explains the 

low mean TTF of 18.5 shifts listed in Table 2-6. After talking to the technicians of the 

line we found out that F.2.1.9 was a problem that troubled the line for three months but 

was ultimately fixed and never occurred again. Specifically, the chain kept breaking 

because of wear in the bearings of the extruder that added an extra load on the chain. 

The wear of the bearings was detected after a few broken chains and was permanently 

solved, and the chain never broke again. The failure modes with the second and third 

smallest efficiencies (99.27% and 99.52%), respectively, are F.2.2.8 and F.4.1.6, so they 

should be looked at next, followed by failure modes F.7.1.1, F.2.2.11, F.5.2.4. and 

F.2.1.4, with efficiencies equal to 99.61%, 99.62%, 99.63% and 99.68%, respectively, 

and so on. 

From Table 2-4 to Table 2-6, it can be seen that some failures occur very 

frequently but are not among the top ten failures according to the smallest efficiency 

criterion, because they have very short repair times. A typical example is the blocking 

of pans at various parts of the line (e.g., F.5.1.1, F.5.2.4 and F.5.4.1). The blocking of 

pans is primarily due to the inability of the appropriate sensor to count the pans, because 



38 

the pans may be slightly deformed. When the problem becomes sufficiently acute, the 

deformed pans are either repaired or replaced. Other examples of frequent failures with 

fast repair times are the minor adjustment or cleaning of equipment (e.g., F.6.3.4 and 

F.5.3.1). 

  TTF TTR TLP   
Level N Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.Availability Efficiency
F.2.1.4 34 75.4545 114.2738 61.9118 5.5068 116.9118 5.5068 0.9983 0.9968 
F.2.1.9 15 18.5000 18.5835 34.6667 8.3381 89.6667 8.3381 0.9961 0.9900 
F.2.1.1626101.9200 137.0812 60.5769 17.5115 115.5769 17.5115 0.9988 0.9976 
F.2.1.2712172.6364 184.9904 64.5833 5.4181 119.5833 5.4181 0.9992 0.9986 
F.2.2.8 75 34.5270 75.1676 61.1333 9.8493 121.1333 9.8493 0.9963 0.9927 
F.2.2.1148 54.3830 108.1168 38.8542 16.7026 98.8542 16.7026 0.9985 0.9962 
F.2.2.1231 78.5333 152.1784 33.8710 4.4177 93.8710 4.4177 0.9991 0.9975 
F.2.2.1374 34.6849 56.6737 17.7027 4.0704 42.0270 33.1654 0.9989 0.9975 
F.2.2.1524104.8696 146.3332 59.5833 7.9286 119.5833 7.9286 0.9988 0.9976 
F.3.1.2 40 31.3846 31.7736 17.7500 3.5716 19.3750 12.6180 0.9988 0.9987 
F.3.1.2316149.0667 194.1261 19.3750 14.4770 31.5625 40.0716 0.9997 0.9996 
F.3.1.2520128.8421 192.3236 19.7500 9.1010 36.0000 37.0135 0.9997 0.9994 
F.4.1.2 13181.8333 408.2526 19.6154 5.1887 101.2308 10.3775 0.9998 0.9988 
F.4.1.3 17132.0000 181.2196 30.2941 12.8051 122.5882 25.6102 0.9995 0.9981 
F.4.1.6 56 46.8182 77.4465 23.3036 9.2085 108.6071 18.4171 0.9990 0.9952 
F.5.1.1 93 27.6739 29.2350 18.5484 5.3963 30.7957 30.2937 0.9986 0.9977 
F.5.2.4 45 59.4545 86.0931 42.1111 18.5402 104.6444 28.8343 0.9985 0.9963 
F.5.3.1 44 53.2558 80.6722 24.7727 5.9995 56.7500 39.0391 0.9990 0.9978 
F.5.4.1 61 41.6500 54.8124 20.0000 4.7434 33.1803 30.7357 0.9990 0.9983 
F.6.1.5 28 88.5926 116.0926 16.2500 5.7130 21.0357 21.8606 0.9996 0.9995 
F.6.1.6 28 94.5926 193.3533 22.1429 7.7494 46.0714 39.9156 0.9995 0.9990 
F.6.3.4 52 49.5686 111.6696 12.4038 2.8851 12.4038 2.8851 0.9995 0.9995 
F.7.1.1 51 49.8800 84.4122 42.9412 32.8508 94.1765 52.2937 0.9982 0.9961 

Table 2-6: Descriptive statistics of the failure data at the failure mode level for the most 

important failure modes of Table 2-4. 

From Table 2-4 to Table 2-6, it can also be seen that some failures have very 

long repair times but are not among the top ten failures according to the smallest 

efficiency criterion because they do not occur very frequently. A typical example is the 

blocking of pans in the oven (F.4.1.3), which occurs at a very difficult place to reach 
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and requires shutting down and restarting the oven. Another example is the failure of an 

inverter in one the motors in the lamination machine, which requires disconnecting the 

failed inverter from the electric panel of the motor and connecting a new inverter. 

As was mentioned above, Table 2-4 lists the ten most important failure modes, 

among the failure modes that occurred more than eight times. There were also several 

failure modes that occurred very infrequently, i.e. eight times or less, but which were 

nonetheless disruptive when they occurred. Table 2-7 shows the descriptive statistics of 

the failure data for the infrequent failure modes with the ten largest mean TLP, where 

by infrequent failure modes we mean the failure modes which occurred at least four 

times but less than nine times. The description of the infrequent failure modes listed in 

Table 2-7 is shown in Table 2-8. 

  TTF TTR TLP   

 N Mean 
Std. 
Dev. Mean 

Std. 
Dev. Mean Std. Dev. Availability Efficiency

F.2.1.7 5 450 401.1467 64 16.7332 119.0000 16.7332 0.9997 0.9994 
F.2.2.4 5 341.75 342.1115 61 8.944272121.0000 8.9443 0.9996 0.9993 
F.2.2.5 4 280.3333 205.8017 82.5 26.29956142.5000 26.2996 0.9994 0.9989 
F.3.1.13 8 186.8571 261.9144 59.375 7.763238124.3750 7.7632 0.9993 0.9986 
F.4.1.1 4 868.6667 878.4357 167.5 20.61553397.0000 41.2311 0.9996 0.9990 
F.5.2.7 7 354.6667 487.456552.85714 9.06327 119.8571 9.0633 0.9997 0.9993 
F.6.2.8 6 369.8 110.904 56.666678.164966123.6667 8.1650 0.9997 0.9993 
F.6.2.11 4 355 292.0394 56.25 4.787136123.2500 4.7871 0.9997 0.9993 
F.6.2.20 4 688 1079.09 72.5 9.574271139.5000 9.5743 0.9998 0.9996 
F.6.2.22 6 378.6 496.867561.666677.527727128.6667 7.5277 0.9997 0.9993 

Table 2-7: Descriptive statistics of the failure data for the infrequent failure modes with 

the ten largest mean TLP. 

From Table 2-7 and Table 2-8, it can be seen that the most disruptive infrequent 

failure is that of the baking oven ventilator (F.4.1.1), whose repair requires cooling 

down the oven, replacing the failed ventilator and reheating of the oven. The second and 
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third most disruptive infrequent failures are the replacement of the clutch used to 

synchronize the laying of pizzas onto metal baking pans (F.2.2.5) and the replacement 

of the reduction gear at the wrapping machine (F.6.2.20). The repair of these failures 

requires disassembling and reassembling large pieces of equipment in the pizza machine 

and the wrapping machine, respectively. 

Failure 
mode 

 Description 

F.2.1.7  Failure of the reduction gear at the lamination machine 
F.2.2.4  Failure of photocell at the pizza machine 

F.2.2.5 
 Failure of the clutch used to synchronize the laying of pizzas onto metal 

baking pans 
F.3.1.13  Failure of the topping machine mandrel 
F.4.1.1  Failure of the baking oven ventilator 
F.5.2.7  Failure of the tray holders at the paternoster lifts. 
F.6.2.8  Failed motor at the wrapping machine 
F.6.2.11  Cut resistance jaw cables at the wrapping machine 
F.6.2.20  Failure of the reduction gear at the wrapping machine 
F.6.2.22  Short circuit at the wrapping machine 

Table 2-8: Description of the infrequent failure modes of Table 2-7. 

2.7 Identification of Failure and Repair Distributions 

One of the main objectives of failure data analysis is to determine the distributions of 

the failure and repair times. Identifying candidate distributions is both an art and a 

science, as it requires an understanding of the failure process, knowledge of the 

characteristics of the theoretical distributions, and a statistical analysis of the data. From 

the failure data of the pizza production line, we set out to identify the distributions of 

TTF, TTR, and TLP at all levels of detail of the line, i.e. at the levels of the failure 

modes, machines, workstations and the entire line. To this end, we studied the 

histograms and descriptive statistics of the failure data and fitted several candidate 

theoretical distributions. We used a least-squares fit for each candidate distribution, 
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estimated its parameters and performed a goodness-of-fit test using the software 

package SPSS. 

For the TLP data, no distribution with a single peak can provide a close fit, 

because the TLP exhibit a double peak (see Figure 2-6). For the TTF and TTR data, on 

the other hand, we found that the Weibull distribution provided the best fit at the failure 

mode, machine, and workstation levels, as well as at the level of the entire line. The 

parameters of the Weibull distribution are its shape and scale. The shape parameter of 

the Weibull distribution of a TTF (or a TTR), denoted by β, provides insight into the 

behaviour of the failure (or the repair) process and in particular the shape of the failure 

(or repair) rate function. The failure rate or hazard rate function is a well-known 

function in reliability theory that provides an instantaneous (at time t) rate of failure. It 

is the limiting (as ∆t goes to zero) probability that a piece of equipment will fail in the 

interval [t, t + ∆t], given that it has survived up to t, divided by ∆t. The failure rate 

function is defined as f(t)/R(t), where f(t) is the density function and R(t) is the 

reliability function (i.e. the probability that the life of the equipment will exceed time t) 

of the TTF distribution. A value of β > 1 signifies an increasing failure rate (or hazard 

rate) function, whereas a value of β < 1 signifies an decreasing failure rate function. 

When β = 1, the failure rate function is constant and the Weibull distribution is identical 

to the exponential distribution. When 1 < β < 2, the failure rate is increasing and 

concave. When β = 2 the failure rate is increasing and linear. When β > 2, the failure 

rate is increasing and convex. Finally, when 1 < β < 3, the Weibull distribution is 

skewed, whereas when β > 3, the Weibull distribution is somewhat symmetrical like the 

normal distribution. The scale parameter of the Weibull distribution, denoted by θ, 

influences both the mean and the spread of the distribution. As θ increases, the 
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reliability at a given point in time increases, whereas the slope of the hazard rate 

decreases. The parameter θ of the Weibull distribution of a TTF is also called the 

characteristic life, and it has units identical to those of the TTF (Ebeling, 1997). 

The parameters of the Weibull distribution for the TTF and TTR of the most 

important failure modes listed in Table 2-6, all the machines and workstations, and the 

entire line are shown in Table 2-9, where the index of fit is defined as the upper bound 

of the Kolmogorov-Smirnov goodness-of-fit statistic, i.e. the maximum deviation 

between the observed cumulative distribution function and the candidate theoretical 

distribution. An index of fit below 1.2 indicates a very good fit. The scale and shape are 

estimated using the least squares method. Weibull plots of the cumulative proportions of 

the TTF and TTR at the production line level against the cumulative proportions of the 

Weibull test distribution are shown in Figure 2-7. The expected distribution is 

calculated using Blom’s formula (r – 3/8) / (n + 1/4), where n is the number of 

observations and r is the rank, ranging from 1 to n. Ties or multiple observations with 

the same value are resolved by assigning rank using the mean rank of the tied values. 

 TTF TTR 

Level 
Scale 

Parameter θ 
Shape 

Parameter β
Index
of fit

Scale 
Parameter θ

Shape 
Parameter β 

Index
of fit 

F.2.1.4  57.3839 0.801 0.15 64.5289 11.7219 0.08 
F.2.1.9 18.5960 0.974 0.1 37.7974 4.5725 0.15 
F.2.1.16 85.7979 0.5217 0.08 66.8273 3.9456 0.15 
F.2.1.27 172.0287 0.9698 0.12 67.2302 12.2948 0.04 
F.2.2.11 33.9169 0.6546 0.1 43.5257 2.9967 0.15 
F.2.2.12 58.1207 0.8441 0.12 35.9659 6.5005 0.05 
F.2.2.13 27.7146 0.8628 0.12 19.1962 4.2657 0.05 
F.2.2.15 92.5071 0.7362 0.07 63.035 7.7156 0.07 
F.2.2.8 25.2622 0.7335 0.1 65.1783 7.1124 0.07 
F.3.1.2 31.5374 1.0949 0.06 19.3309 4.9656 0.02 
F.3.1.23 122.1201 0.7487 0.2 21.8211 1.5462 0.2 
F.3.1.25 95.8984 0.6204 0.1 22.2270 2.4845 0.1 
F.4.1.2 101.7323 0.6579 0.15 21.6387 3.6676 0.1 
F.4.1.3 118.8987 0.8233 0.06 34.0465 2.6566 0.08 
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F.4.1.6 37.9855 0.8647 0.1 25.9707 2.8746 0.1 
F.5.1.1 27.0231 0.9862 0.06 20.292 3.921 0.06 
F.5.2.4 50.4461 0.7604 0.08 47.1975 2.7505 0.15 
F.5.3.1 42.6156 0.5518 0.1 17.2762 5.0629 0.002 
F.5.4.1 37.0588 0.9857 0.15 21.7705 4.4028 0.05 
F.6.1.5 80.9774 0.6852 0.1 18.2370 2.8036 0.030 
F.6.1.6 71.9314 0.8452 0.1 24.7323 3.0627 0.1 
F.6.3.4  31.3797 0.7869 0.15 13.6258 3.5941 0.002 
F.7.1.1 32.7472 0.6014 0.08 47.3283 1.782 0.12 
M.1.1 23.5973 0.6227 0.050 52.0758 1.8555 0.120 
M.1.2 49.6005 1.0059 0.080 45.2911 2.7082 0.050 
M.1.3  - - - - - - 
M.2.1 9.5125 0.6949 0.070 53.4389 3.0311 0.050 
M.2.2 5.9382 0.6995 0.070 44.6892 2.2222 0.080 
M.3.1 10.9148 0.6776 0.060 24.4637 2.2536 0.150 
M.4.1 22.3624 0.7532 0.040 34.0459 1.5630 0.200 
M.5.1 22.4771 0.6955 0.080 23.0723 2.9601 0.100 
M.5.2 27.6181 0.6863 0.040 42.2034 1.9697 0.060 
M.5.3 20.5398 0.5513 0.070 33.1680 2.9783 0.100 
M.5.4 30.3546 0.7525 0.070 23.3516 3.7846 0.070 
M.6.1 17.1183 0.7755 0.060 30.6924 2.2242 0.080 
M.6.2 24.0122 0.6911 0.050 41.4618 1.9753 0.100 
M.6.3 29.6937 0.8202 0.120 14.2368 3.5502 0.006 
WS.1 18.4310 0.7801 0.040 48.9663 2.0909 0.100 
WS.2 3.7535 0.6984 0.060 48.4866 2.4387 0.060 
WS.3 10.9148 0.6776 0.060 24.4637 2.2536 0.150 
WS.4 22.3624 0.7532 0.040 34.0459 1.5630 0.200 
WS.5 6.7914 0.7099 0.040 30.3919 2.4196 0.100 
WS.6 8.5246 0.7248 0.050 30.5721 1.8638 0.100 
WS.7 28.5554 0.6085 0.070 48.2671 1.8481 0.150 
LINE 1.4182 0.6941 0.050 37.9572 2.0142 0.080 

Table 2-9: Weibull parameters for TTF and TTR for several important failure modes, all 

the machines and workstations, and the production line. 

From Table 2-9 we can see that the shape parameter β of the Weibull 

distribution of TTF is less than one for most of the failure modes and machines and for 

all the workstations and the entire line. When the shape parameter of the Weibull 

distribution of a TTF is less than one, this means that the corresponding failure has a 

decreasing failure rate. This can be explained by the fact that the company which 

operates the line uses a proactive maintenance policy whose objective is to ensure good 
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operating conditions for the line. Therefore, as time passes, the operating conditions at 

different parts of the line improve, because of more and more cumulative inspections, 

cleanings, adjustments, alignments, repairs, etc., hence the failure rate at these parts 

decreases. 
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Figure 2-7: Weibull least-squares plots of TTF and TTR at the production line level. 

The shape parameter β of the Weibull distribution of the TTF for failure modes 

F.2.1.9, F.2.1.27, F.3.1.2, F.5.1.1, and F.5.4.1 and machine M.1.2 are close to one. 

When the shape parameter of the Weibull distribution of a TTF is close to one, this 

means that the TTF is approximately exponentially distributed and the corresponding 

failure has a constant failure rate. An equipment is said to have a constant failure rate if 

the probability that the equipment will fail in the next instant is independent of how 

long it has been running, i.e. of its age. This suggests that the equipment has no memory 

of the time since the last failure. For this reason, the exponential distribution, which is 

the only distribution that yields constant failure rates, is often said to possess the so-

called “memoryless” property. Our explanation of why the TTF of failure modes 

F.2.1.9, F.2.1.27, F.3.1.2, F.5.1.1, and F.5.4.1 and machine M.1.2 are approximately 

exponentially distributed is that these failures are caused by sudden, random external 
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overloads on the corresponding equipment and are therefore not related to the age of the 

equipment. 

From Table 2-9 we can also see that the shape parameter β of the Weibull 

distribution of TTR is greater than one for all the for failure modes, machines, 

workstations and the entire line. This means that the repair rates are increasing, i.e. the 

longer a piece of equipment has been under repair, the higher the probability that it will 

soon be repaired. This is normal, because the repair process consists of a set of 

individual tasks that must be performed in a certain order, and so as the TTR increases, 

more and more individual tasks are completed and the entire repair process comes 

closer to completion. 

2.8 Determination of Degrees of Autocorrelation and Cross 

Correlation of the Failure Data 

Many analytical models of transfer lines rely on the assumption that the TTF and TTR 

of the workstations are independent (e.g., see Buzacott and Shanthikumar, 1993, and 

Gershwin, 1994). Inman (1999) presented actual data from two automotive body-

welding lines consisting of ten stations in order to assess among other things the validity 

of the independence assumptions for TTF and TTR. They found that while there is a 

somewhat statistically significant autocorrelation in TTF for five stations, it may not be 

practically significant and it does not seem to be of fundamental importance. They also 

concluded that since only one station has statistically significant autocorrelation in TTR, 

autocorrelation does not seem to be important in the TTR behaviour of the stations. 

Lack of autocorrelation is necessary but not sufficient to show that successive 

observations of a random variable are independent. For the purposes of manufacturing 
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management, however, testing for autocorrelation should suffice as an indication of 

independence. 

Using (auto)regression analysis, we calculated the autocorrelation coefficients 

for lags ranging from 1 to 10, and we performed the Durbin-Watson test for addressing 

the significance of the lag – 1 autocorrelation, for the TTF and TTR, at the workstation 

level and at the entire line level. The results are shown in Table 2-10 and Table 2-11, for 

the TTF and TTR data, respectively. Each table lists the lag – 1 autocorrelation 

coefficient, the maximum autocorrelation coefficient for any lag ranging from 1 to 10, 

and the lag corresponding to that maximum, which are labelled lag – 1 r, max |r|, and 

lag for max |r|, respectively. Each table also lists the Durbin-Watson statistic D and 4 – 

D. One of the assumptions of regression analysis is that the residuals for consecutive 

observations are uncorrelated. If this is true, the expected value of the Durbin-Watson 

statistic D is 2. Values less than 2 indicate positive autocorrelation, and values greater 

than 2 indicate negative autocorrelation. 

    Durbin-
Watson 
Statistic 

Durbin-
Watson 0.01 
Test Bounds 

Conclusion for 
H0: ρ = 0, and 

H1: ρ > < 0 
Level Lag – 1 

r 
Max 

|r| 
Lag for 
Max |r| 

D 4 – D D0.01,L D0.01,U H1: 
ρ > 0 

H1: 
ρ < 0 

WS.1 0.273 0.273 1 1.993 2.007 1.52 1.56 ρ = 0 ρ = 0 
WS.2 0.213 0.213 1 2.044 1.956 1.52 1.56 ρ = 0 ρ = 0 
WS.3 0.236 0.410 5 2.019 1.981 1.52 1.56 ρ = 0 ρ = 0 
WS.4 0.104 0.191 3 2.035 1.965 1.52 1.56 ρ = 0 ρ = 0 
WS.5 0.114 0.114 1 2.013 1.987 1.52 1.56 ρ = 0 ρ = 0 
WS.6 0.228 0.228 1 1.979 2.021 1.52 1.56 ρ = 0 ρ = 0 
WS.7 0.146 0.301 2 2.037 1.963 1.36 1.43 ρ = 0 ρ = 0 
LINE 0.128 0.204 2 2.049 1.951 1.65 1.69 ρ = 0 ρ = 0 

Table 2-10: Autocorrelation and Durbin-Watson Test for TTF data at the workstation 

and production line levels. 
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From Table 2-10 and Table 2-11, it can be seen that the Durbin-Watson statistic 

D is very close to 2 for all the TTF and TTR data. This means that the lag – 1 

autocorrelation in the failure data is extremely small. The significance of the lag – 1 

autocorrelation can be addressed with the Durbin-Watson test. This test compares D 

with upper and lower bounds Dα,U and Dα,L for a given significance level α. For the 

positive autocorrelation hypothesis (ρ > 0), if D < Dα,L, we conclude that there is 

positive autocorrelation and if D > Dα,U, we conclude that there is not. If Dα,L < D < 

Dα,U, the test is inconclusive. For the negative autocorrelation hypothesis (ρ < 0), if 4 – 

D < Dα,L, we conclude that there is negative autocorrelation, and if 4 - D > Dα,U, we 

conclude that there is not. If Dα,L < 4 – D < Dα,U, the test is inconclusive (e.g., see Hines 

and Montgomery, 1990).  

    Durbin-
Watson 
Statistic 

Durbin-
Watson 0.01 
test bounds 

Conclusion for 
H0: ρ = 0; and 

H1: ρ > < 0 
Level Lag – 

1 r 
Max 

|r| 
Lag for 
Max |r|  

D 4 – D D0.01,L D0.01,U H1: 
ρ > 0 

H1: 
ρ < 0

WS.1 0.139 0.194 6 2.022 1.978 1.52 1.56 ρ = 0 ρ = 0
WS.2 0.036 0.081 9 1.999 2.001 1.52 1.56 ρ = 0 ρ = 0
WS.3 0.041 0.077 3 1.998 2.002 1.52 1.56 ρ = 0 ρ = 0
WS.4 -0.127 0.221 8 2.052 1.948 1.52 1.56 ρ = 0 ρ = 0
WS.5 0.003 0.104 3 2.001 1.999 1.52 1.56 ρ = 0 ρ = 0
WS.6 0.004 0.078 10 2.001 1.999 1.52 1.56 ρ = 0 ρ = 0
WS.7 0.081 0.221 8 2.004 1.996 1.36 1.43 ρ = 0 ρ = 0
LINE 0.039 0.052 6 1.999 2.001 1.65 1.69 ρ = 0 ρ = 0

Table 2-11: Autocorrelation and Durbin-Watson Test for TTR data at the workstation 

and production line levels. 

From Table 2-10 and Table 2-11 it can also be seen that the conclusion of all the 

tests is that there is neither positive nor negative lag – 1 autocorrelation at the 0.01 

significance level in any of the failure data. Therefore, assuming independence appears 



48 

valid for all practical purposes for both TTF and TTR. These results carry over to the 

TLP data too, because TLP is strongly positively correlated to TTR since it is equal to 

TTR plus an extra time which is added in case TTR is long.  

In addition to autocorrelation, we calculated the correlation between the TTF 

from failure n to failure n + 1, denoted TTFn,n+1, and the TTR of failure n + 1, denoted 

TTRn+1. We also calculated the correlation between TTRn and TTFn,n+1. Table 2-12 

shows the Pearson correlation coefficient for the two cases and its two-tailed 

significance probability for the most important failure modes listed in Table 2-6, all the 

machines and workstations, and the entire line. The two-tailed significance probability 

is the probability of obtaining results as extreme as the one observed and in either 

direction when the null hypothesis (no correlation) is true. Pearson’s correlation 

coefficient assumes that each pair of variables is bivariate normal. Correlation 

coefficients range in value from -1 (a perfect negative relationship) to +1 (a perfect 

positive relationship). A value of 0 indicates no linear relationship. A high level of 

correlation is implied by a correlation coefficient that is greater than 0.5 in absolute 

terms, i.e. greater than 0.5 or less than -0.5. A mid level of correlation is implied if the 

absolute value of the coefficient is greater than 0.2 but less that 0.5. A low level of 

correlation is implied if the absolute value of the coefficient is less than 0.2. The two-

tailed test is checking whether the estimated coefficient can reliably be said to be above 

0 (the first tail) or below 0 (the second tail). 

From the results in Table 2-12, it can be seen that most of the correlation 

coefficients are so small that they are practically statistically insignificant. At the failure 

mode level, the only failure modes that have a somewhat statistically significant 

correlation between TTRn and TTFn,n+1, at the two-tailed 0.01 significance level, are the 
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failure of burner at the baking oven (F.4.1.6) and the failure at the electric power 

generator (F.7.1.1). At the machine level, the only machine that has a slightly 

statistically significant correlation between TTFn,n+1 and TTRn+1 and between TTRn and 

TTFn,n+1, at the two-tailed 0.05 significance level, is the pan cooling unit (M.5.3) in the 

proofing workstation. At the workstation level, the only workstation that has a 

somewhat statistically significant correlation between TTRn and TTFn,n+1, at the two-

tailed 0.01 significance level, is the exogenous workstation (W.7), but this is linked to 

the fact that the vast majority of failures at W.7 are due to the failure at the electric 

power generator (F.7.1.1). Finally, at the entire production line level, there is a 

marginally statistically significant correlation between TTFn,n+1 and TTRn+1 and between 

TTRn and TTFn,n+1, at the two-tailed 0.05 significance level. 

In all the above cases, wherever there is a statistically significant correlation, this 

correlation is positive. This can be explained as follows. A positive correlation 

coefficient between TTFn,n+1 and TTRn+1 suggests that the longer the time between two 

failures, the more problems accumulate, and therefore the longer the time it takes to 

repair the latter of the two failures. A positive correlation coefficient between TTRn and 

TTFn,n+1 suggests that the more time the technicians spend repairing a failure, the more 

careful job they do, and therefore the longer the time until the next failure is. Both 

suggestions are intuitively reasonable. 

  
 Correlation between 
TTFn,n+1 and TTRn+1 

Correlation between 
TTRn and TTFn,n+1 

Level 

Pearson 
Correlation 
Coefficient 

Two-Tailed 
Significance 
Probability 

Pearson 
Correlation 
Coefficient 

Two-Tailed 
Significance 
Probability 

F.2.1.4 -0.218 0.223 -0.201 0.262 
F.2.1.9 -0.35 0.219 -0.093 0.743 
F.2.1.16 0.298 0.148 -0.03 0.887 
F.2.1.27 0.015 0.964 0.107 0.753 
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F.2.2.8 -0.116 0.323 -0.106 0.368 
F.2.2.11 -0.049 0.744 -0.131 0.382 
F.2.2.12 -0.189 0.318 0.253 0.177 
F.2.2.13 -0.42 0.721 -0.103 0.385 
F.2.2.15 0.232 0.286 0.205 0.348 
F.4.1.2 0.575 0.051 0.061 0.851 
F.4.1.3 -0.01 0.972 -0.407 0.118 
F.4.1.6 -0.043 0.753 0.3131 0.02 
F.3.1.2 0.163 0.321 -0.014 0.932 
F.3.1.23 0.414 0.125 0.002 0.993 
F.3.1.25 -0.135 0.581 -0.148 0.534 
F.5.1.1 0.108 0.305 -0.02 0.85 
F.5.2.4 -0.014 0.93 -0.071 0.645 
F.5.3.1 -0.009 0.952 -0.136 0.383 
F.5.4.1 0.027 0.837 -0.084 0.525 
F.6.1.5 -0.056 0.783 -0.215 0.281 
F.6.1.6 -0.257 0.195 0.116 0.564 
F.6.3.4 -0.164 0.251 0.179 0.209 
F.7.1.1 0.025 0.862 0.411 0.003 
M.1.1 0.026 0.822 -0.083 0.476 
M.1.2 0.032 0.826 -0.135 0.354 
M.1.3 --3 - - - 
M.2.1 -0.058 0.354 -0.029 0.649 
M.2.2 -0.04 0.455 0.043 0.422 
M.3.1 -0.049 0.496 0.013 0.853 
M.4.1 -0.082 0.412 -0.049 0.624 
M.5.1 -0.105 0.268 0.004 0.968 
M.5.2 0.044 0.692 -0.005 0.96 
M.5.3 0.2152 0.031 0.2522 0.011 
M.5.4 -0.073 0.544 0.011 0.928 
M.6.1 -0.022 0.797 0.096 0.424 
M.6.2 0.092 0.365 0.125 0.218 
M.6.3 0.042 0.744 0.047 0.718 
WS.1 0.016 0.854 -0.004 0.967 
WS.2 0.073 0.071 0.015 0.708 
WS.3 -0.049 0.496 0.013 0.853 
WS.4 -0.082 0.412 -0.049 0.624 
WS.5 0.024 0.649 -0.021 0.685 
WS.6 -0.025 0.665 -0.069 0.234 
WS.7 0.048 0.73 0.4061 0.002 
LINE 0.0492 0.039 0.0592 0.013 

1 Correlation is significant at the 0.01 level (2-tailed). 
2 Correlation is significant at the 0.05 level (2-tailed). 
3 Cannot be computed because at least one of the variables is constant. 

Table 2-12: Correlation between TTF and TTR. 



51 

2.9 Conclusions 

We presented a statistical analysis of failure data of an automated pizza production line, 

covering a period of four years. We computed descriptive statistics of the failure data 

and we identified the most important failures. We also computed the parameters of the 

Weibull distributions that best fit the failure data. We found that most failures have a 

decreasing failure rate, because proactive maintenance improves the operating 

conditions at different parts in the line. A few failures have an almost constant failure 

rate, implying that the TTF for these failures is exponentially distributed. Finally, we 

investigated the existence of autocorrelations and cross correlations in the failure data. 

We found that there is no lag – 1 autocorrelation at the 0.01 significance level in the 

TTF and TTR data at the workstation level and at the entire line level. Therefore, 

assuming independence appears to be valid for all practical purposes for both TTF and 

TTR. We also found that at the entire line level, there is a marginally statistically 

significant, positive correlation between TTFn,n+1 and TTRn+1 and between TTRn and 

TTFn,n+1, at the two-tailed 0.05 significance level. This suggests that the longer the time 

between two failures, the more problems accumulate, and therefore the longer the time 

it takes to fix the latter failure. It also suggests that the more time the technicians spend 

fixing a failure, the more careful job they do, and therefore the longer the time until the 

next failure is. 
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Chapter 3 Determining Quality Inspection Frequency in 

an Automated Production Line Based on Field 

Failure Data Analysis 

3.1 Introduction 

In this chapter, we study the problem of determining the frequency of quality control 

inspections in a bread & bakery manufacturer producing pizzas. In section 3.2, we 

perform a statistical analysis of failure data obtained from a real automated pizza 

production line. Based on this data, in section 3.3, we develop a simple model of a 

quality inspector who visits several such lines. His objective is to allocate the number of 

his visits to the different workstation of the lines so as minimize the total production 

time of undetected defective products. Finally, we conclude in section 3.4. 

The production lines that make bread & bakery products are similar for a wide 

range of different product types, such as bread, bagels, doughnuts, pastries, bread-type 

biscuits, toasts, cakes, crullers, croissants, pizzas, knishes, pies, rolls, buns, etc. (e.g., 

see Liberopoulos and Tsarouhas, 2002) for a description of a croissant production line). 

Consequently, the analysis in this chapter can apply to most types of bread & bakery 

products. 
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3.2 Descriptive Statistics of Field Failure Data 

Production managers routinely record failure data for the systems they manage, as they 

use these systems for their intended purposes and maintain them upon failure. We had 

access to such data from a pizza production line of a large bread & bakery 

manufacturer. The line is identical to that described in the previous chapter. It consists 

of six workstations in series, where each workstation contains one or more machines, 

and each machine has several failure modes. 

To take into account exogenous failures affecting the entire line, we define a 

seventh pseudo-workstation and call it “exogenous.” The exogenous workstation has 

four pseudo-machines, which correspond to the electric, water, gas, and air supply, 

respectively. Each pseudo-machine has a single failure mode corresponding to a failure 

in the supply of one of the four resources mentioned above. Failures at workstation 7 

are very important because they affect the entire line. The most significant of these 

failures is the failure of the electric power generator that temporarily supplies the 

system with electricity in case of an electric power outage. 

The failure data that we had access to covers a time period of 1491 days, i.e. 

four years and one month. During this period, the line operated for 24 hours a day, with 

three eight-hour shifts during each day, for a total of 883 working days. The data was 

extracted from the hand written records of failures that the maintenance personnel kept 

during each shift. The records included the failure mode or modes that had occurred 

during the shift, the action taken, the down (repair) time, but not the exact time of 

failure. This means that our accuracy in computing the time to failures (TTF) of a 

particular failure mode, machine, workstation, or of the entire line itself is in the order 
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of number of eight-hour shifts rather than in the order of number of hours. The time to 

repair (TTR), on the other hand, was recorded in minutes. From the records, we 

counted a total of 1772 failures for the entire line, which were classified into 203 

different failure modes that interrupted production. Besides these failure modes, there 

were 13 additional failure modes, which had no direct effect on production and were 

thus excluded from the data. From the records, we computed several important 

descriptive statistics of the failure data at the levels of the failure modes, the machines, 

the workstations, and finally the entire line. The sample size for computing the 

parameters of TTF was one less than the number of failures, whereas the sample size for 

computing the parameters of the TTR was equal to the number of failures. 

The descriptive statistics of the failure data and the resulting availability at the 

workstation and production line levels are presented in Chapter 2 of this thesis, where 

the availability is computed as the ratio of the mean TTF over the sum of the mean TTF 

plus the mean TTR. The analysis in Chapter 2 shows that the three workstations with 

the most frequent failures and lowest availabilities are workstations 2, 5, and 6, in 

decreasing order of failure frequency and increasing order of availability. Indeed, the 

most failure-prone workstation, 2, is at the heart of the production process and consists 

of a very complex set of equipment with a total of 52 different failure modes.  

Not all failures have a direct effect on product quality. Out of the 203 different 

failure modes, there are 75 failure modes that directly affect product quality. These 

failure modes occurred 777 times. Table 3-1 lists the 25 most important failure modes 

affecting product quality, where by important we mean that they occurred more than 

eight times. The descriptive statistics of these failure modes are shown in Table 3-2. In 

both tables and throughout the chapter we use the following notation: 
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F.i.j.k = Failure mode k of machine j of workstation i. 

Failure 
mode Description Effect on product 

quality 

F.2.1.2 Failure of flour machine  Unacceptable dough 
F.2.1.8 Failure of cutting machine of dough Uneven dough 
F.2.1.11 Failure of butter pump Unacceptable dough 
F.2.1.13 Broken motion-chain at the lamination machine Unacceptable dough 
F.2.1.14 Malfunction of butter pipe  Unacceptable dough 
F.2.1.16 Failure of sensor at lamination machine Unacceptable dough 
F.2.1.18 Failure of pneumatic system at butter machine  Unacceptable dough 
F.2.2.8 Motion-chain at the pizza machine is out-of-phase Unacceptable dough 
F.2.2.10 Malfunction of the conveyor belt Wrong product shape 
F.2.2.12 Failure of the rotary cutting roller or guillotine Wrong product shape 
F.2.2.13 Realignment of laminated dough on the conveyor at 

the pizza machine 
Wrong product shape 

F.2.2.15 Blocking of mechanism that lays pizzas onto metal 
baking pans 

Wrong product shape 

F.3.1.2 Failure of pneumatic system with pistons at the 
topping machine 

Uneven topping 

F.3.1.9 Leaking gasket at the toping machine Uneven topping 
F.3.1.23 Malfunctioning nozzles of the topping machine Uneven topping 
F.3.1.25 Clogged nozzles at the topping machine Uneven topping 
F.4.1.2 Broken motion-chain of metal conveyor Burnt product 
F.4.1.3 Blocking of pans in the oven Burnt product 
F.4.1.6 Failure of burner at the baking oven Burnt product 
F.5.3.1 Clogged nozzles at the cooling unit of the proofing 

section 
Wrong freezing 
conditions 

F.5.3.2 Clogged air filters at the transporter in the proofing 
section 

Wrong freezing 
conditions 

F.6.1.5 Failure of the forks that automatically lift pizzas 
from the baking pans 

Wrong product shape 

F.6.1.16 Failure of the pneumatic system at lifting machine  Wrong product shape 
F.6.2.6 Malfunction of photocell at wrapping machine Wrong wrapping 
F.6.3.4 Adjustment of carton sealing mechanism Wrong wrapping 

Table 3-1: Description of the most important failure modes affecting product quality. 

From Table 3-1 and Table 3-2, we can make the following observations. Most of 

the important failure modes affecting product quality belong to workstation 2. The failure 

modes with the three largest mean TTR are F.2.1.16, F.2.2.8, and F.2.2.15. Some of the 

failure modes affecting product quality occur frequently but have fast repair times. 
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These failures usually involve a minor adjustment or the cleaning of equipment (e.g., 

F.2.2.13, F.6.3.4, and F.5.3.1). 

Failure  N  TTF  TTR  
Mode    Mean Std. Dev. Mean Std. Dev. 
F.2.1.2  12  180.9167 171.5022 26.92308 5.964639 
F.2.1.8  13  183.7692 221.1339 41.78571 4.643914 
F.2.1.11  13  152.2308 211.5452 28.92857 3.496466 
F.2.1.13  9  166.5556 238.1161 35 7.071068 
F.2.1.14  13  183.4615 289.1348 31.42857 3.056249 
F.2.1.16  25  101.92 137.0812 60.57692 17.51153 
F.2.1.18  9  260 325.8006 34 3.944053 
F.2.2.8  74  34.52703 75.16762 61.13333 9.849315 
F.2.2.10  17  143.4706 254.1302 35.27778 7.759666 
F.2.2.12  30  78.53333 152.1784 33.87097 4.417706 
F.2.2.13  73  34.68493 56.67374 17.7027 4.070373 
F.2.2.15  23  104.8696 146.3332 59.58333 7.928576 
F.3.1.2  39  31.38462 31.77355 17.75 3.571612 
F.3.1.9  19  110.8947 176.8794 21.25 7.758696 
F.3.1.23  15  149.0667 194.1261 19.375 14.47699 
F.3.1.25  19  128.8421 192.3236 19.75 9.101041 
F.4.1.2  12  181.8333 408.2526 19.61538 5.188745 
F.4.1.3  16  132 181.2196 30.29412 12.8051 
F.4.1.6  55  46.81818 77.44654 23.30357 9.208533 
F.5.3.1  43  53.25581 80.6722 24.77273 5.999471 
F.5.3.2  9  245.2222 501.9198 26 6.992059 
F.6.1.5  27  88.59259 116.0926 16.25 5.713046 
F.6.1.16  9  245.7778 336.2182 32 12.29273 
F.6.2.6  10  230.8 182.7426 16.81818 2.522625 
F.6.3.4  51  49.56863 111.6696 12.40385 2.885118 

        

Table 3-2: Descriptive statistics of the most important failure modes affecting product 

quality. 

3.3 Model Formulation and Analysis 

As was mentioned in the previous section, the failure data that we used was extracted 

from the hand written records of failures that the maintenance personnel kept during 

each shift. The records included the failure mode or modes that had occurred during the 
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shift, the action taken, the down (repair) time, but not the exact time of failure. Based on 

the failure data, in this section, we develop a simple model of a quality inspector who 

visits several pizza production lines and his objective is to allocate the number of his 

visits to the different workstation of the lines so as minimize the total production time of 

undetected defective products. All the lines are identical, so we restrict our attention to 

any one line. To introduce the mathematical model, we use the following notation: 

M = Number of failures that directly affect product quality (integer); 

Ni = Number of inspections per shift to detect failure mode i (integer); 

Nmax = Maximum total number of inspections per shift (integer); 

Fi = Mean TTF of failure mode i; 

Ti = Time to detect failure mode i in a shift when there are Ni inspections per 

shift; 

Xi = Binary random variable taking the value 1 with probability Pi(t), if 

failure mode i has occurred during a shift, and zero with probability 1 – 

Pi(t), if failure mode i has not occurred during a shift, where t is the 

number of shifts since the last failure; 

Let Pi(t) denote the probability that the time to failure is less than t + 1 shifts, 

given that it is greater than t shifts; Pi(t) is given in terms of the reliability function R(t) 

as follows: 

 Pi(t) = [R(t) – R(t + 1)]/R(t). (3.1) 

We make the following assumptions: 
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1. The exact time of a recorded failure in a shift is uniformly distributed between 

0 and 8 hours. 

2. The TTF of failure mode i is exponentially distributed. 

Assumption 1 states that a recorded failure may have taken place at any time 

during a shift with equal probability. This is a reasonable assumption, since, as was 

mentioned above, the maintenance personnel did not record the exact time of failures. 

Assumption 1 implies that E[Ti|Xi = 0] = 0 and E[Ti|Xi = 1] = 4/Ni. Assumption 2 

simplifies the exposure, because it implies that Pi(t) is independent of t and is equal to 

Pi = 1 – exp(– 1/Fi). If Fi >> 1 (as is our case), Pi can be approximated by Pi = 1/Fi. In 

reality, however, Pi(t) should depend on t. In fact, in Chapter 2, it was shown that the 

probability distribution that best fits the TTF data is the Weibull distribution. If the TTF 

of failure mode i has a Weibull distribution, with scale and shape parameters θi and βi, 

respectively, then ( ) [exp( ( / ) ) exp( (( 1) / ) )] / exp( ( / ) )i i i
i i i iP t t t tβ β βθ θ θ= − − − + − . We can 

accommodate this case in our model at the cost of introducing time dependence. Under 

Assumptions 1 and 2, the expected time to detect failure mode i in a shift when there are 

Ni inspections per shift can then be calculated as follows: 

 E[Ti] = E[Ti|Xi = 1] P[Xi = 1] + E[Ti|Xi = 0] P[Xi = 0] = 4/(NiFi). 

Now, we can formulate a simple constrained optimization problem whose 

objective is to minimize the total expected time to detect a failure mode that affects 

product quality in a shift subject to the constraint that the total number of inspections 

per shift has an upper bound Nmax, i.e. 

 
1

4min
M

i i iN F=
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1

M

i
i

N N
=

≤∑ . (3.2) 
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To determine the value of Nmax, we take into account the current practice in the 

company. Currently, there is one quality inspector per shift. The inspector’s duty is to 

check the product quality of 5 production lines and perform some laboratory tests. The 

inspector allocates approximately 6 hours of his 8-hour shift to on-line inspections and 2 

hours in the laboratory. This means that the available time for inspection per shift per 

line is 6⋅60/5 = 72 minutes per line per shift. The inspector spends approximately 4 

minutes at each of the 6 workstations of a production line to check on all possible 

failure modes that may affect product quality. This means that he performs 

approximately 72/4 = 18 inspections per line per shift, which implies that on the average 

he visits each workstation of a line 18/6 = 3 times per shift. This further implies that the 

total number of inspections for the 25 most important failure modes per shift is 

approximately 25⋅3 = 75 inspections per line per shift. With this in mind, we set Nmax = 

75. The optimization problem (3.2) then becomes: 

 
25

1

4min
i i iN F=
∑  subject to 

25

1

75i
i

N
=

≤∑ , (3.3) 

where the values of Fi are obtained from column 5 of Table 3-2. 

The non-linear integer program (3.3) was solved using the optimization software 

LINGO. The result is that in the optimal solution, some failure modes still have to be 

inspected 3 times in a shift, as is the current practice, some other failure modes have to 

be inspected 4 or even 5 times, whereas the remaining failure modes must be inspected 

only twice. Table 3-3 shows the 25 most important failures modes affecting product 

quality sorted according the optimal number of inspections per shift needed to detect them. 

The resulting minimum total expected time to detect a failure mode that affects product 

quality in an 8-hour shift is 0.3379 hours. This means that 0.3379/8 ≈ 4.22% of the 
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products are defective. This constitutes an improvement over the current situation of 

having Ni = 3 inspections per shift for each failure mode, where the total expected time 

to detect a failure mode that affects product quality in an 8-hour shift is 0.3762 hours, 

implying that 4.70% of the products are defective. Finally, we should note that at the 

end of each shift, the quality inspector performs a last check on each of the 7 

workstations before handing over responsibility to the quality inspector of the next shift. 

An important parameter of the model discussed above is the maximum total 

number of inspections per shift, Nmax. In our numerical example we used Nmax = 75 

based on the fact that currently each one of the 25 failure modes is inspected 3 times by 

the inspector. The number of inspections, even in the current situation, however, could 

be increased if the time allocated for inspections per shift were increased beyond 6 

hours, or if the inspection time spent on each workstation were decreased below 4 

minutes, or finally, if more inspectors were added. It is clear that if Nmax is multiplied by 

a factor of α and the non-linear program (3.2) is resolved, the minimum total expected 

time to detect a failure mode that affects product quality in an 8-hour shift and therefore 

the percentage of defective products will be divided by the same factor α. For example 

if Nmax is doubled from 75 to 150, the percentage of defective products will be reduced 

to ½ of its value from 4.22% to 2.11%. 

Ni
* = 2  Ni

* = 3 Ni
* = 4 Ni

* = 5 
F2.1.2 F2.1.18  F2.1.16 F3.1.23 F.5.3.1 F.2.2.8 
F2.1.8 F4.1.2  F2.2.10 F3.1.25 F.6.3.4 F.2.2.13 
F2.1.11 F5.3.2  F2.2.12 F4.1.3  F.3.1.2 
F2.1.13 F6.1.16  F2.2.15 F6.1.5  F.4.1.6 
F2.1.14 F6.2.6  F3.1.9    

Table 3-3: The most important failure modes affecting product quality sorted according 

to the optimal number of inspections per shift needed to detect them. 
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3.4 Conclusions 

We developed a simple model of a quality inspector who visits several automated 

production lines and his goal is to allocate the number of his visits to the different 

workstation of the lines so as minimize the total production time of undetected defective 

products. It was shown that if the number of inspections to detect different failure 

modes is not the same for each failure mode, as is the current situation, but is optimized, 

the percentage of defective products due to the delayed detection of a failure can be 

reduced from 4.70% to 4.22%. In the model that we developed we made several 

simplifying assumptions. One of these assumptions is that the time of a recorded failure 

in a shift is uniformly distributed between 0 and 8 hours. Another assumption is that 

Pi(t) does not depend on t and can be approximated by 1/Fi. A third implicit assumption 

is that the quality inspector spends the same amount of time inspecting each failure 

mode. A direction for further research would be to replace these and other simplifying 

assumptions by more realistic assumptions and come up with more complicated but also 

more general models. 



62 

Chapter 4 Performance Evaluation of an Automatic 

Transfer Line with Massive Scrapping of 

Material during Long Failures 

4.1 Introduction 

In this chapter, we address the issue of massively scrapping material during long 

failures in bufferless, paced, automatic transfer lines. Specifically, we consider a model 

of a transfer line where material flows through different workstations in series and 

receives continuous processing in the workstations. No storage buffers are allowed in 

between the workstations. When a workstation fails, it stops operating and so do all the 

other workstations upstream of it. The material that is trapped in the stopped 

workstations deteriorates in quality as time passes. If it remains still in the same place 

for a long enough time, its quality becomes unacceptable and so it must be scrapped. 

The maximum allowable standstill time of material in any particular workstation 

depends on the workstation. If this time is zero, then the material must be immediately 

scrapped. If it is infinite, then no material is ever scrapped from the workstation. If the 

failure lasts less than the maximum allowable standstill time of the material, then the 

stopped material is not scrapped. For the maximum allowable standstill time of the 

material, we consider two cases, which represent two real-life situations. In the first 

case, the quality deterioration during a failure is fully recoverable, so that when the 
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workstation starts operating again, the material in it – assuming that it has not been 

scrapped – is as good as new, i.e. it has no memory of the damage done during the 

stoppage. In the second case, the deterioration is cumulative, so that when the 

workstation starts operating again, the material in it – assuming that it has not been 

scrapped – has a remaining maximum allowable standstill time which is smaller than 

before the failure, i.e. the material has memory of the damage. 

The rest of this chapter is organized as follows. In section 4.2, we develop 

analytical expressions for key performance measures of a bufferless, paced, automatic 

transfer line with massive scrapping of material during long failures for the two cases 

discussed above, under the assumption that the uptimes and downtimes of the 

workstations are geometrically distributed. In section 4.3, we use these expressions to 

study the effects of system parameters on system performance. In section 4.4, we obtain 

simulation-based results for the same transfer line, under the assumption that the 

uptimes of the workstations are not geometrically distributed, in order to evaluate the 

geometric distribution assumptions used in section 4.2. Finally, we conclude in section 

4.5. 

4.2 Analysis of Transfer Line 

Consider an automatic transfer line consisting of M workstations in series with no 

buffers between the workstations. Material flows from outside the system to 

workstation 1, to workstation 2 … to workstation M, and then out of the system. Once 

material enters a workstation, it flows at a constant speed through the workstation, 

where it receives continuous processing, and then exits the workstation. 
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Time and space are discretized. Specifically, the length of each workstation is 

broken into a number of discrete positions. Let Ni denote the number of discrete 

positions of workstation i. Material is also broken into discrete parts so that each 

position in each workstation can accommodate one part. Thus, at each workstation i, a 

part moves from outside the workstation to position 1, to position 2 … to position Ni, 

and then out of the workstation. The transfer line is paced so that all the workstation 

positions have equal and constant processing times. Time is scaled so that the 

processing time of every part in every position of every workstation is one time period. 

This period is sometimes referred to as cycle in the literature. An inexhaustible supply 

of parts is available upstream of the first workstation and an unlimited storage area is 

present downstream of the last workstation. A schematic representation of the line is 

shown in Figure 4-1. 

 Workstation 1

2 … 1 N1 2 … j 1 Ni… 

Workstation i Workstation M 

2 … 1 NM 

… … 

 

Figure 4-1: Schematic representation of a transfer line with M workstations. 

Each workstation is subject to random failures. Let αi denote the operational 

state of workstation i. If αi = 1, the workstation is operational or up; If αi = 0, the 

workstation is failed or under repair or down. A workstation is blocked if one or more 

of its downstream workstations are failed. A workstation is stopped when it is either 

failed or blocked, and it is operating when it is up and not blocked. 

Failures are time dependent. This means that a workstation may fail even when 

it is blocked. At each workstation, the times between failures and the times to repair are 
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i.i.d. random variables with geometric distributions. Let pi denote the probability that 

workstation i will be down in period t, given that it is up in period t – 1. Let ri denote the 

probability that workstation i will be up in period t, given that it is down in period t – 1. 

The efficiency in isolation of a workstation is the percentage of time that the 

workstation is up. Let ei denote the efficiency in isolation of workstation i. It is easy to 

see that 

 ,    for 1, , .i
i

i i

re i M
r p

= =
+

…  (4.1) 

The efficiency in the system of a workstation is the percentage of time that the 

workstation is operating (up and not blocked). Let d
iE  denote the efficiency in the 

system of workstation i. It is easy to see that 

 ,    for 1, , .
M

d
i j

j i

E e i M
=

= =∏ …  (4.2) 

Let d
ip  be the probability that workstation i will be stopped in period t, given that it is 

operating in period t – 1. It is easy to see that d
ip  is equal to one minus the probability 

that none of the workstations from i to M will fail in period t, given that they are all up 

in period t – 1, i.e. 

 ( )1 1 ,    for 1, , .
M

d
i j

j i

p p i M
=

= − − =∏ …  (4.3) 

Let d
ir  be the probability that workstation i will be operating in period t, given that it is 

stopped in period t – 1. Then, d
iE  can be expressed in terms of d

ip  and d
ir  as follows: 

 ,    for 1, , .
d

d i
i d d

i i

rE i M
r p

= =
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…  (4.4) 
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From(4.4), d
ir  can be expressed as 

 ,    for 1, , ,
1

d
d d i

i i d
i

Er p i M
E

= =
−

…  (4.5) 

where d
iE  and d

ip  can be computed from (4.2) and (4.3), respectively. 

When a workstation is stopped, the parts in it remain still. When a part is still, its 

quality deteriorates as time passes. If a part remains still in the same place for a long 

enough time, its quality becomes unacceptable and must therefore be scrapped. In what 

follows, we will consider two cases of quality deterioration. 

In the first case, if a part remains still in the same position of any workstation for 

more than a maximum allowable standstill time associated with this workstation, it must 

be scrapped. If a part “survives” a stoppage at a particular position of a workstation, 

however, its quality condition after the stoppage is “as good as new” in the sense that it 

can remain still in the next position for up to the same maximum allowable standstill 

time without having to be scrapped. In other words, the damage done to the part during 

the stoppage is fully reversible or, alternatively, the material has “no memory” of the 

damage. 

In the second case, the damage done to a part during a stoppage at a particular 

workstation is irreversible while the part remains in the workstation. More specifically, 

the maximum allowable standstill time of any part in any position of a workstation is 

equal to the maximum allowable standstill time associated with this workstation minus 

the cumulative standstill time of this part in all the preceding positions of the same 

workstation. If the part “survives” all the stoppages at a particular workstation, 

however, its quality condition after exiting this workstation is “as good as new” in the 
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sense that it can remain still in the next workstation for up to the maximum allowable 

standstill time associated with that workstation without having to be scrapped. We refer 

to this case as the case of material with “memory” of the damage. 

In what follows, we analyze these two cases, separately. 

4.2.1 Case 1: Material with No Memory of Damage during a Stoppage 

In case 1, we assume that the damage done to a part during a stoppage of a 

workstation is fully reversible or, alternatively, that the material has no memory of the 

damage. For this case, let ni denote the maximum allowable standstill time of a part in 

any position of workstation i. Let Ri denote the conditional time it takes for workstation 

i to start operating once it is stopped. It is easy to see that Ri is geometrically distributed 

with mean 1 d
ir . The probability that any part in any position of workstation i will not 

be scrapped, given that the workstation is stopped, is given by 

 { } ( ) ( )1

1

1 1 1 ,    for 1, , .
i

i
n j nd d d

i i i i i
j

P R n r r r i M
−

=

≤ = − = − − =∑ …  (4.6) 

A part moves to a particular position of a workstation, say workstation i, at the 

beginning of period t, if this workstation is operating at the beginning of period t. The 

time that the part spends in this position is one time period of processing plus an extra 

waiting time. This extra time is not zero only if the workstation stops operating after 

one time period, i.e. at the beginning of period t + 1. If it is not zero, then its value 

depends on whether the time that the workstation is stopped is greater than or equal to ni 

or not. More specifically, if the time that workstation i is stopped is smaller than or 

equal to ni, the part waits on average for i i iE R R n ≤    time periods and then moves on 

to the next position. If the time that workstation i is stopped is greater than ni, however, 
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the part waits for ni time periods and then it is scrapped because its quality has become 

unacceptable. The conditional expected time i i iE R R n ≤    is given by 
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 (4.7) 

where we have substituted { }i iP R n≤  from (4.6). 

Let li denote the conditional expected time that a part spends in any position of 

workstation i, given that it has moved into this position. Then, li is given by 
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 (4.8) 

where we have substituted { }i iP R n≤  from (4.6) and i i iE R R n ≤    from (4.7). 

Let qi denote the conditional probability that a part will not be scrapped from a 

particular position of workstation i, given that it has entered this position. This 

probability is given by 
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where we have substituted { }i iP R n≤  from (4.6). 

Let qi,j denote the conditional probability that a part will enter position j of 

workstation i, given that it has entered workstation i. This probability is given by 

 1
, ,    for 1, , ,    1, , .j

i j i iq q i M j N−= = =… …  (4.10) 

Let li,j denote the conditional expected time that a part spends in position j of 

workstation i, given that it has entered workstation i. Then, li,j is given by 

 1
, , ,    for 1, , ,    1, , ,j

i j i i j i i il l q l q i M j N−= = = =… …  (4.11) 

where we have substituted qi,j from (4.10). 

Let Li denote the conditional expected flow time of a part at workstation i, given 

that it has entered this workstation. It is easy to see that 

 1
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ii i NN N
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where we have substituted li,j from (4.12). 

Let Qi denote the conditional probability that a part will move from workstation 

i (or from outside the system, if i = 0) to workstation i + 1 (or out of the system, if i = 

M), given that it has entered workstation i. It is easy to see that 

 0 1Q =  and ,    for 1, , .iN
i iQ q i M= = …  
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Let ˆ
iQ  denote the unconditional probability that a part will move from 

workstation i (or from outside the system, if i = 0) to workstation i + 1 (or out of the 

system, if i = M). It is easy to see that 

 
0

ˆ ,    for 0, , .
i

i j
j

Q Q i M
=

= =∏ …  (4.13) 

Let ˆ
iL  denote the unconditional expected flow time of a part at workstation i. It 

is easy to see that 

 1
ˆˆ ,    for 1, ,i i iL L Q i M−= = … . (4.14) 

Finally, let ˆ
TOTL  denote the total unconditional expected flow time of a part in 

the line. Then, 

 
1
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TOT i
i

L L
=

= ∑ . (4.15) 

The input rate of a workstation is the average number of parts that enter the 

workstation per time period. The output rate of a workstation is the average number of 

good parts that exit the workstation per time period. The scrap rate of a workstation is 

the average number of bad parts that are scrapped from the workstation per time period. 

Let Ii denote the input rate, let Oi denote the output rate, and let Si denote the scrap rate 

of workstation i. It is easy to see that the input rate of the first workstation is equal to 

the percentage of time that the workstation is operating (up and not blocked), i.e. 

 1 1 .dI E=  (4.16) 

It is also easy to see that 

 1,    for 2, , ,i iI O i M−= = …  (4.17) 
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 ,    for 1, , ,i i iO I Q i M= = …  (4.18) 

 ( )1 ,    for 1, , .i i iS I Q i M= − = …  (4.19) 

 From (4.13) and (4.16)-(4.19), it follows that 
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Note that the output rate of the entire line is the output rate of the last 

workstation, i.e.  

 1
ˆ .d

M MO E Q=  (4.22) 

The scrap rate of the entire line is the sum of the scrap rates of all the 

workstations, i.e. 

 ( )1 1 1
1 1

ˆ ˆ ˆ1
M M

d d
i i i M

i i
S E Q Q E Q−

= =

= − = −∑ ∑ . (4.23) 

Let Bi denote the average number of parts in workstation i. Then, from Little’s 

law, Bi is given by 
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Finally, let BTOT denote the average number of parts in the entire line. Then, 
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4.2.2 Case 2: Material with Memory of Damage during a Stoppage within each 

Workstation 

In case 2, we assume that the damage done to a part during a stoppage of a workstation 

is irreversible while the part remains in the workstation or, alternatively, that the 

material has memory of the damage. As in case 1, let ni denote the maximum allowable 

standstill time of a part in workstation i, and let Ri denote the conditional time it takes 

for workstation i to start operating given that it is stopped. Ri is geometrically 

distributed with mean 1 d
ir . 

Let us assume for a moment that the issue of quality deterioration during a 

stoppage does not exist and therefore a part may never be scrapped from workstation i. 

Let Wi,j denote the time that workstation i is stopped from the moment that a part enters 

position j of workstation i until it exits this position. Clearly, 
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 (4.26) 

Let Si,j denote the cumulative time that workstation i is stopped from the 

moment that a part enters position 1 of workstation i until it exits position j of 

workstation i, i.e. 
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= ∑ . (4.27) 

We are interested in finding the probability distribution of Si,j, i.e. P{Si,j = k}. 

First of all, it is easy to see that 

 { } ( ), 0 1 ,  1, , ,    1, , .
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To find P{Si,j = k}, for k > 0, let us follow a part from the moment that it enters 

position 1 of workstation i until it exits position j of the same workstation. Consider the 

event that in its trajectory from position 1 into position j, the part does not stop at all in 

m out of the j positions and stops in the remaining j – m positions, and that the total time 

that the part is stopped is k, where k > 0. The probability of this event is 

 ( ) ( ) ( ) ( )( )1
1 1

1
m j m k j m j md d d d

i i i i

j k
p p r r

m j m
− − − −−   

− −   − −   
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In the above expression, ( )1
md j m

ip p −−  is the probability that the part does not stop in 

any particular set of m positions and stops in the remaining j – m positions, 
j

m
 
 
 

 is the 

total number of combinations of having m positions in which the part does not stop and 

j – m positions in which the part stops, and finally ( ) ( )( )1
1

1
k j m j md d

i i

k
r r

j m
− − −− 

− − − 
 is 

the probability that the time until the (j – m)th resumption of operation of workstation i 

following a stoppage is equal to k, which is given by the probability function of the 

Pascal or negative binomial distribution. Note that if k ≥ j, then m can take any value 

from 0 to j – 1, whereas if k < j, then m can take any value from j – k to j – 1. In other 

words, m can take any value from max(0, j – k) to j – 1. With this in mind, the desired 

probability P{Si,j = k} is the sum of the probabilities given by expression (4.29) over all 

possible values of m, i.e. 
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 Now, let us return to our original assumption that a part is scrapped from 

workstation i if its cumulative standstill time in this workstation is greater that ni time 

periods. The analysis that is needed to compute the conditional expected flow time of a 

part at workstation i, Li, is similar to the analysis carried out in case 1 (the “no memory” 

case) in section 4.2.1. The only difference is that each time a part enters a new position j 

of workstation i, where j = 2, …, Ni, its remaining maximum allowable standstill time is 

ni – Si,j-1 instead of ni, as was the case in the no memory situation. For j = 1, the 

remaining maximum allowable standstill time of the part is ni, as in the no memory 

case. With this in mind, let li,1 denote the conditional expected time that a part spends in 

position 1 of workstation i, given that it has entered workstation i. Then, li,1 is given by 

the same expression as that derived for li in the no memory case, i.e. expression (4.8). 

Hence, 

 ( )( ),1 1 1 1 ,    for 1, , .i
d ndi

i id
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pl r i M
r

= + − − = …  (4.31) 

For j = 2, …, Ni, let li,j,k denote the conditional expected time that a part spends 

in position j of workstation i, given that it has entered workstation i and given that the 

cumulative stoppage time up until it enters position j is k, i.e. given that Si,j-1 = k. Then, 

li,j,k is given by 
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where, the above expression is the same as (4.8) except that we have replaced ni by ni – 

k. Moreover, for j = 2, …, Ni, let li,j denote the conditional expected time that a part 
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spends in position j of workstation i, given that it has entered workstation i. Then, li,j is 

given by 
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where we have substituted li,j,k from (4.32). 

Let Li denote the conditional expected flow time of a part at workstation i, given 

that it has entered this workstation. It is easy to see that 
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Finally, let Qi denote the conditional probability that a part will move from 

workstation i (or from outside the system, if i = 0) to workstation i + 1 (or out of the 

system, if i = M), given that it has entered workstation i. It is easy to see that 

 0 1Q =  and { }, ,    for 1, , .
ii i N iQ P S n i M= ≤ = …  

The rest of the analysis is identical to the analysis of the no memory case. In 

other words, equations (4.13) - (4.25) that were derived for the no memory case, also 

hold for the memory case. 

4.3 Effect of Parameters 

In this section, we use the expressions that we developed in the section 4.2 to 

investigate how the system parameters pi, ri, and ni, i = 1,…,M, affect the system’s 

performance. The system performance measures that we focus on are the input rate 
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capacity of the system, 1
dE , given by (4.4) for i = 1, the probability that a part will exit 

from the line without being scrapped, ˆ
MQ , given by (4.13) for i = M, the average 

number of parts in the entire line, BTOT, given by (4.25), and finally the total 

unconditional expected flow time, ˆ
TOTL , given by (4.15). 

To investigate the effect of system parameters on system performance, we 

perform a numerical study of an instance of a bufferless, paced, automatic transfer line 

with M = 6 identical workstations with parameters Ni = 10, pi = 0.1, ri = 0.8, and ni = 10, 

i = 1,…, M. We refer to this system as the “nominal” system. For the nominal system, 

we vary parameter pi from 0.04 to 0.16 in steps of 0.02 and parameter ri from 0.3 to 0.9, 

in steps of 0.1, for one workstation i at a time, for i = 1,…, M. We also vary parameter 

ni from 1 to 25 in steps of one, for all workstations at the same time, and we observe the 

system’s performance measures, for both cases of material with and without memory of 

the damage during a stoppage. The results are plotted in Figure 4-2 - Figure 4-21. 
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Figure 4-2: 1
dE vs pi (i = 1, …, M) for both the no memory and memory cases. 
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Figure 4-3: ˆ
MQ  vs pi (i = 1, …, M) for the no memory case. 
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Figure 4-4: ˆ
MQ  vs pi (i = 1, …, M) for the memory case. 
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Figure 4-5: BTOT vs pi (i = 1, …, M) for the no memory case. 
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Figure 4-6: BTOT vs pi (i = 1, …, M) for the memory case. 
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Figure 4-7: ˆ
TOTL  vs pi (i = 1, …, M) for the no memory case. 
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Figure 4-8: ˆ
TOTL  vs pi (i = 1, …, M) for the memory case. 
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Figure 4-9: 1
dE vs ri (i = 1, …, M) for both the no memory and memory cases. 
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Figure 4-10: ˆ
MQ  vs ri (i = 1, …, M) for the no memory case. 
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Figure 4-11: ˆ
MQ  vs ri (i = 1, …, M) for the memory case. 
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Figure 4-12: BTOT vs ri (i = 1, …, M) for the no memory case. 
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Figure 4-13: BTOT vs ri (i = 1, …, M) for the memory case. 
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Figure 4-14: ˆ
TOTL  vs ri (i = 1, …, M) for the no memory case. 
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Figure 4-15: ˆ
TOTL  vs ri (i = 1, …, M) for the memory case. 
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Figure 4-16: ˆ
MQ  vs ni for the no memory case. 
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Figure 4-17: ˆ
MQ  vs ni for the memory case. 
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Figure 4-18: BTOT vs ni for the no memory case. 
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Figure 4-19: BTOT vs ni for the memory case. 
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Figure 4-20: ˆ
TOTL  vs ni for the no memory case. 
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Figure 4-21: BTOT vs ni for the memory case. 

From the results shown in Figure 4-2 - Figure 4-21, we can observe how system 

parameters pi, ri, and ni affect the system’s performance. 

First, let us see how the failure probability pi affects system performance. As pi 

increases, workstation i fails more frequently; therefore, it and the entire section of the 

line upstream of it stop more frequently. This causes a drop in the efficiency of 

workstations 1,…, i and hence in the input rate capacity of the system, 1
dE  (Figure 4-2). 

The increase in the frequency of stoppages also raises the frequency of repairs, because 

every stoppage is followed by a repair of the failed workstation. As the frequency of 

repairs increases, statistically, the number of repair times in any given time interval 

increases. This raises the probability that one of the repair times will exceed the 

maximum allowable standstill time of one of the stopped workstations. Naturally, this 

causes a decrease in the probability that a part will exit from the stopped section of the 

line without having been scrapped. Eventually, it also decreases the probability that a 

part will exit from the entire line without having been scrapped, ˆ
MQ  (Figure 4-3 and 

Figure 4-4), as well as the average number of parts in the entire line, BTOT (Figure 4-5 

and Figure 4-6). 
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The effect of pi on the total unconditional expected flow time, ˆ
TOTL , is less 

straight forward. As was mentioned above, an increase in pi raises the frequency of 

stoppages. This raise causes the parts that are trapped in the stopped section of the line 

to spend more time in the line, and this increases ˆ
TOTL . On the other hand, as was also 

mentioned above, an increase in pi reduces the probability that a part will exit from the 

stopped section of the line, and this decreases ˆ
TOTL . In other words, as pi increases, 

ˆ
TOTL  tends to both increase and decrease at the same time. Which of the two tendencies 

predominates depends on whether the increase-of-stoppage-time effect or the increase-

of-scrapping effect is stronger. In the transfer line instance that we studied, the increase-

of-stoppage-time effect is predominant in the no memory case; therefore, as pi 

increases, ˆ
TOTL  increases (Figure 4-7). In the memory case, on the other hand, the 

increase-of-scrapping effect predominates, and so as pi increases, ˆ
TOTL decreases (Figure 

4-8). This is natural, because in the memory case, scrapping is more intense than in the 

no memory case, since it is the cumulative stoppage time that determines whether a part 

will be scrapped or not. Hence, more frequent stops lead to larger cumulative stoppage 

times, which lead to more scrapping. The difference in scrapping rates between the no 

memory and memory cases becomes evident when one compares the range of values of 

ˆ
MQ  for the two cases. Namely, ˆ

MQ  ranges approximately from 96% to 99% in the no 

memory case (Figure 4-3) and approximately from 16% to 54% in the memory case 

(Figure 4-4). Of course, this example is rather extreme, because an 84% (= 1 – 16%) 

scrapping rate would not acceptable in any real industrial setting. It was used on 

purpose to emphasize the difference in the two cases. An example with more realistic 
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parameter values is discussed in the following section, where the difference in scrapping 

rates between the two cases is very small. 

The effect of the repair probability ri on system performance is the opposite 

from the effect of pi. Namely, as ri increases, 1
dE , ˆ

MQ , and BTOT increase (Figure 4-9 - 

Figure 4-13). Also, as ri increases, the stoppage time and the scrapping rate decrease, 

causing ˆ
TOTL  to both decrease and increase at the same time. Here again, whether ˆ

TOTL  

eventually increases or decreases depends on which of the two effects predominates. In 

the transfer line instance that we studied, the decrease-of-scrapping effect is 

predominant in the memory case, and so as ri increases, ˆ
TOTL  increases (Figure 4-15). In 

the no memory case, however, sometimes one effect predominates and sometimes the 

other, depending on the workstation number i and the repair rate ri (Figure 4-14). 

The effects of pi and ri on system performance described above are more intense 

for downstream workstations than for upstream workstations. This is natural, because 

the further downstream a workstation, the greater the impact of its failures on the entire 

transfer line, since, when a workstation fails, all its upstream workstations are stopped. 

This means that efforts to improve the uptime and downtime distribution parameters 

should start first at the last workstation and then move upstream towards the first 

workstation. The only exceptions are the effects of pi and ri on 1
dE , which seem to be 

independent of i (Figure 4-2 and Figure 4-9). This, however, is true only because in the 

particular transfer line instance that we examined all workstations i have the same 

parameters pi and ri. If these parameters were different, the curves in Figure 4-2 and 

Figure 4-9 would be different for each workstation i. 



86 

A qualitative difference between the effects of pi and ri on system performance 

is that the curves of the systems performance measures vs. pi appear to be linear (Figure 

4-2 - Figure 4-8), whereas the equivalent curves for ri appear to be concave (Figure 4-9 

- Figure 4-15). This means that the marginal gain in performance that can be achieved 

by decreasing the probability of failure pi (e.g., by improving maintenance operations) is 

constant in pi. On the other hand, the marginal gain in performance that can be achieved 

by increasing the probability of repair ri (e.g., by speeding up repair operations) is 

decreasing in ri.  

Finally, the effect of the maximum allowable standstill time ni on system 

performance is straight forward. Namely, as ni increases, ˆ
MQ , BTOT, and ˆ

TOTL  increase, 

converging to certain limiting values as ni goes to infinity (Figure 4-16 - Figure 4-21). 

These limiting values correspond to the performance measures of the same system with 

no scrapping. Note that the convergence rate is much faster for the no memory case than 

it it is for the memory case. This means that the marginal gain in performance that can 

be achieved by increasing the maximum allowable standstill time ni (e.g., by improving 

the material and/or process characteristics) is more significant in the no memory case 

than in the memory case. 

4.4 Simulation Study 

Thus far in this chapter, we have assumed that the uptimes and downtimes of the 

workstations are i.i.d. random variables with geometric distributions. This means that 

the probability that a workstation will fail in the next time period given that it is up does 

not depend on the number of periods that it has been up, and that the probability that a 

workstation will be repaired in the next time period given that it is down does not 
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depend on the number of periods that it has been down. This implies that the vector of 

operational states of the workstations is a discrete-time Markov process. Without the 

Markovian property, the mathematical analysis becomes much more difficult. The 

question is how realistic is the Markovian assumption and how does it affect the 

performance of the system? 

In a study of failure data of a transfer line producing transmission cases at 

Chrysler Corporation, reported in Hanifin (1975) and Buzacott and Hanifin (1978), it 

was found that the observed uptimes of machines could be reasonably well 

approximated by exponential distributions, where the exponential distribution is the 

equivalent of the geometric distribution in continuous time. In that same study it was 

also found that the observed downtimes were due to a mixture of different repairs, 

where the time to make each repair could be reasonably well approximated by 

exponential distributions. In another study of failure data of two automotive body 

welding lines (Inman, 1999), it was concluded that the exponential distribution 

assumption appeared reasonable for the uptimes but not appropriate for the downtimes. 

The above studies concerned asynchronous transfer lines. In our own study of failure 

data of an automatic transfer line producing pizzas in Chapter 2, we found that the 

coefficient of variation of the uptimes of all workstations were between 1 and 1.7 with 

an average of 1.33; however, the uptimes were not “pure” because they included the 

times between successive proactive maintenance operations on the line. The same 

analysis showed that the coefficient of variation of the downtimes of all workstations 

where between 0.5 and 1 with an average of 0.7. Recall that the coefficient of variation 

of an exponentially distributed random variable is one. In both Inman (1999) and 
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Chapter 2 of this thesis, it was concluded that the downtimes and uptimes of the 

workstations are independent. 

Based on the above studies, it appears that although the Markovian assumption 

may not be too unreasonable for the uptimes, it is less suitable for the downtimes. In 

order to evaluate the Markovian assumption used to develop the analytical expressions 

of the original transfer line model developed in Section 4.2, we compared the 

performance of that model to the performance of a modified model in which the 

downtimes of each workstation are i.i.d. random variables having the distribution of the 

sum of two independent, identical, geometrically distributed random variables. Let 1/si 

denote the mean of each random variable. The variance of each random variable is 

therefore (1 – si)/si
2. Since the random variables are independent, the mean and variance 

of their sum are 2/si and 2(1 – si)/si
2, respectively. In order for the comparison between 

the original and the modified models to be fair, we require that the mean downtime of 

each workstation be the same for both models. Recall that the downtimes of each 

workstation i in the original transfer line model are geometrically distributed with mean 

1/ri and therefore variance (1 – ri)/ri
2. Since the mean downtime is the same for both 

models, i.e. 2/si = 1/ri, it follows that si = 2ri. With this in mind, we can write the 

following expression for the ratio of the variance of the downtimes of the modified 

model over the variance of the downtimes of the original model: 

( )
( )

( )
( )

2 2

2 2

2 1 2 1 2 4 1 2Var of downtimes in modified model
Var of downtimes in original model 1 1 2 2

i i i i i

i i i i i

s s r r r
r r r r r
− − −

= = =
− − −

. (4.35) 

The above ratio is 0, when ri = 0.5 and approaches 1/2 as ri goes to zero. This means 

that the variance of the downtimes of the modified model is at most half the variance of 

the downtimes of the original model. 
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To compare the performance of the original and modified models, we performed 

a numerical study of an instance of a bufferless, paced, automatic transfer line with M = 

6 identical workstations. Each workstation i, i = 1,…, M, has Ni = 30 positions, a mean 

uptime of 1600 time units, a mean downtime of 30 time units, and a maximum 

allowable standstill time ni. We considered four different values for ni, namely, 10, 20, 

40, and 50. The first two values correspond to the case where the maximum allowable 

standstill time is smaller that the mean downtime. The last two values correspond to the 

case where the maximum allowable standstill time is greater that the mean downtime. 

For each value of ni, we considered both cases of material with and without memory of 

damage during a stoppage, i.e. we considered a total of eight sets of parameters. 

For each set of parameters, we computed the system performance measures, 1
dE , 

ˆ
MQ , ˆ

TOTL , and BTOT for both the original and the modified model. For the modified 

model, we used simulation, whereas for the original model we used the analytical 

expressions developed in Section 4.2 as well as simulation, in order to verify our 

simulation algorithm. More specifically, for each set of parameters, we run 60 

simulation replications of both the original and the modified models, and we computed 

95% confidence intervals for the system performance measures. Each replication had a 

time horizon of 100 million time units and took approximately 15 minutes on a Pentium 

4 PC @ 2.66 GHz. The results are reported in Table 4-1. The third column of Table 4-1 

indicates the model and method used to evaluate the performance measures, where “1” 

denotes the analytical evaluation of the original model, “2” denotes the simulation-

based evaluation of the original model, and “3” denotes the simulation-based evaluation 

of the modified model. From Table 4-1, we can make the following observations. 
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ni 
Memory  

of damage 
Model & 
method 1

dE  ˆ
MQ  ˆ

TOTL  BTOT 

1 0.894529 0.753069 153.750000 137.534000

2 0.894433 
+ 0.000072

0.754544 
+ 0.000166

153.95673 
+ 0.016972  

137.703999
+ 0.024633 No 

3 0.894433 
+ 0.000072

0.712132 
+ 0.000185

148.977831 
+ 0.020243 

133.250201
+ 0.028329 

1 0.894529 0.752624 153.674000 137.466000

2 0.894443 
+ 0.000084

0.754142 
+ 0.000199

153.883898 
+ 0.020196 

137.640371
+ 0.028884 

10 

Yes 

3 0.89443 
+ 0.000071

0.711956 
+ 0.000184

148.943598 
+ 0.019288 

133.219586
+ 0.026204 

1 0.894529 0.815279 163.595000 146.340000

2 0.894449 
+ 0.000075

0.816681 
+ 0.000129

163.776167 
+ 0.012448 

146.48947 
+ 0.021735 No 

3 0.894449 
+ 0.000075

0.783508 
+ 0.000179

160.458935 
+ 0.016968 

143.515893
+ 0.025492 

1 0.894529 0.814089 163.395000 146.161000

2 0.894423 
+ 0.00009 

0.815547 
+ 0.000175

163.580014 
+ 0.016357 

146.309703
+ 0.027879 

20 

Yes 

3 0.894408 
+ 0.000075

0.782311 
+ 0.000169

160.243363 
+ 0.016295 

143.322955
+ 0.025306 

1 0.894529 0.899484 176.721000 158.082000

2 0.89441 
+ 0.000082

0.899747 
+ 0.000014

176.712874 
+ 0.011722 

158.053721
+ 0.023132 No 

3 0.894449 
+ 0.000075

0.902633 
+ 0.000111

178.217000 
+ 0.010237 

159.406268
+ 0.017173 

1 0.894529 0.897274 176.355000 157.754000

2 0.894421 
+ 0.000074

0.897596 
+ 0.000102

176.358859 
+ 0.008358 

157.739103
+ 0.018391 

40 

Yes 

3 0.894437 
+ 0.000063

0.898836 
+ 0.000128

177.606764 
+ 0.008757 

158.858116
+ 0.016617 

1 0.894529 0.926535 180.897000 161.817000

2 0.894362 
+ 0.000079

0.926279 
+ 0.0001 

180.815499 
+ 0.008928 

161.714527
+ 0.018372 No 

3 0.894362 
+ 0.000079

0.938845 
+ 0.000098

183.441788 
+ 0.009299 

164.073864
+ 0.016607 

1 0.894529 0.924187 180.510000 161.471000

2 0.894387 
+ 0.000081

0.924019 
+ 0.000115

180.440969 
+ 0.009227 

161.384062
+ 0.019852 

50 

Yes 

3 0.894385 
+ 0.000063

0.934644 
+ 0.000098

182.78321 
+ 0.009395 

163.478532
+ 0.015617 

Table 4-1: Performance measures of the original and modified models for different 

values of ni and both cases of material with and without memory of damage during a 

stoppage. 
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First, we observe that for all sets of parameters, the no memory case has higher 

values of ˆ
MQ , ˆ

TOTL , and BTOT than the memory case, as is expected (see also discussion 

of results in Section 4.3). The difference in performance between the two cases, 

however, is very small. This is because the mean uptime of each workstation (1600 time 

units) is very large compared to the number of positions of the workstation (30). This 

means that it is very unlikely that a part will experience more than one stoppage in any 

particular workstation. Note that if a part experiences at most one stoppage in a 

workstation, then the two cases (with and without memory of damage during a 

stoppage) are identical to each other. 

The second observation is that as ni increases, ˆ
MQ , ˆ

TOTL , and BTOT increase, as 

is expected (see also discussion of results in Section 4.3). When ni is equal to 40 and 50, 

i.e. greater than the mean downtime, ˆ
MQ , ˆ

TOTL  and BTOT are higher in the modified 

model than in the original model. When ni is equal to 10 and 20, i.e. smaller than the 

mean downtime, however, ˆ
MQ , ˆ

TOTL  and BTOT are lower in the modified model than in 

the original model. At first, this may seem a little surprising, because one would expect 

that the values of ˆ
MQ , ˆ

TOTL  and BTOT should always be higher in the modified model 

than in the original model, meaning that there is scrapping in the modified model. This 

is because the downtimes in the modified model have at most half the variance of the 

downtimes in the original model. In fact, in the transfer line instance studied, the ratio 

of the two variances, computed from (4.35), is 0.4828. However, one should also note 

that when ni is equal to 10 and 20, the probability that a part will not be scrapped, which 

is equal to the cumulative distribution function of the downtimes evaluated at ni, is 

higher in the original model than in the modified model (see Figure 4-22). This means 
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that when ni is equal to 10 and 20, fewer parts are scrapped in the original model than in 

the modified model. Those parts that are not scrapped in the original model but are 

scrapped in the modified model add to the values of ˆ
TOTL  and BTOT, making them higher 

than their respective values in the original model. 

0.0
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1.0

0 30 60 90 120 150
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Figure 4-22: Cumulative distribution function of workstation downtimes for the original 

and modified models. 

Perhaps the most important observation, from the point-of-view of the 

usefulness of analytical results of Section 4.2, is that the difference in the performance 

measures between the original and the modified models is quite small, especially when 

ni is equal to 40 and 50, i.e. greater than the mean downtime. When ni is equal to 10 and 

20, i.e. smaller than the mean downtime, the difference in performance between the two 

models is bigger but still less than 6%. This means that the original, analytically-

tractable model can provide fairly accurate performance estimates for transfer lines with 

non-geometrically distributed downtimes. 
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4.5 Conclusions 

We developed analytical expressions for two variants of a failure-prone, bufferless, 

paced, automatic, serial, transfer line model. The model assumes memoryless 

workstation uptimes and downtimes and material quality deterioration during failures, 

which may lead to massive scrapping if the failures last long. We used these expressions 

to study the effect of system parameters on system performance. We found that as the 

probability of failure of a workstation increases or the probability of its repair decreases, 

the input rate capacity of the system, the probability that a part will exit from the line 

without being scrapped, and the average number of parts in the entire line, decrease. 

The total unconditional expected flow time may increase or decrease, depending on 

whether the increase-of-stoppage-time effect or the increase-of-scrapping effect 

predominates. We found that all these effects are linear in the probability of failure of a 

workstation, but concave in the probability of repair. This implies constant performance 

gains as the failure probabilities decrease, but diminishing gains as the repair 

probabilities increase. We also found that all these effects are more intense for 

downstream workstations than for upstream workstations. This means that efforts to 

improve the uptime and downtime distribution parameters should start first at the last 

workstation and then move upstream towards the first workstation. Finally, we found 

that transfer lines processing material that has memory of the damage during stoppages 

perform worse than systems processing material having no memory of the damage. 

Also, the marginal gains in system performance that are obtained by increasing the 

maximum allowable standstill time of material are more important for material with no 

memory of the damage than for material with memory. 
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To evaluate the memoryless assumption of workstation uptimes and downtimes, 

we compared the performance of the original model with that of a modified model, in 

which the workstation downtimes no longer follow memoryless distributions. The 

performance of the modified model was obtained via simulation. We found that when 

the maximum allowable standstill time is greater than the mean repair time, more parts 

are scrapped in the original model than in the modified model, whereas when the 

maximum allowable standstill time is small than the mean repair time, the opposite is 

true. More importantly, we found that the differences in the performance measures 

between the original and the modified models were fairly small. This means that the 

original model, which is analytically-tractable, can provide fairly accurate performance 

estimates for transfer lines with downtimes that do not follow memoryless distributions. 
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Chapter 5 Thesis Summary 

In this thesis, we developed quantitative models for the reliability analysis and 

production evaluation of automated production lines, particularly concerning the quality 

and output rate of the products produced. 

In Chapter 2, we presented a statistical analysis of failure data of an automated 

pizza production line, covering a period of four years. We computed descriptive 

statistics of the failure data and we identified the most important failures. We also 

computed the parameters of the Weibull distributions that best fit the failure data. We 

found that most failures have a decreasing failure rate, because proactive maintenance 

improves the operating conditions at different parts in the line. A few failures have an 

almost constant failure rate, implying that the TTF for these failures is exponentially 

distributed. Finally, we investigated the existence of autocorrelations and cross 

correlations in the failure data. We found that there is no lag – 1 autocorrelation at the 

0.01 significance level in the TTF and TTR data at the workstation level and at the 

entire line level. Therefore, assuming independence appears to be valid for all practical 

purposes for both TTF and TTR. We also found that at the entire line level, there is a 

marginally statistically significant, positive correlation between TTFn,n+1 and TTRn+1 and 

between TTRn and TTFn,n+1 at the twotailed 0.05 significance level. This suggests that 

the longer the time between two failures, the more problems accumulate, and therefore 

the longer the time it takes to fix the latter failure. It also suggests that the more time the 
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technicians spend fixing a failure, the more careful job they do, and therefore the longer 

the time until the next failure is. 

In Chapter 3, we developed a simple model of a quality inspector who visits 

several automated production lines and his goal is to allocate the number of his visits to 

the different workstation of the lines so as minimize the total production time of 

undetected defective products. It was shown that if the number of inspections to detect 

different failure modes is not the same for each failure mode, as is the current situation, 

but is optimized, the percentage of defective products due to the delayed detection of a 

failure can be reduced from 4.70% to 4.22%. In the model that we developed we made 

several simplifying assumptions. One of these assumptions is that the time of a recorded 

failure in a shift is uniformly distributed between 0 and 8 hours. Another assumption is 

that Pi(t) does not depend on t and can be approximated by 1/Fi. A third implicit 

assumption is that the quality inspector spends the same amount of time inspecting each 

failure mode. A direction for further research would be to replace these and other 

simplifying assumptions by more realistic assumptions and come up with more 

complicated but also more general models. 

Finally, in Chapter 4, we developed analytical expressions for two variants of a 

failure-prone, bufferless, paced, automatic, serial, transfer line model. The model 

assumes memoryless workstation uptimes and downtimes and material quality 

deterioration during failures, which may lead to massive scrapping if the failures last 

long. We used these expressions to study the effect of system parameters on system 

performance. We found that as the probability of failure of a workstation increases or 

the probability of its repair decreases, the input rate capacity of the system, the 

probability that a part will exit from the line without being scrapped, and the average 
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number of parts in the entire line, decrease. The total unconditional expected flow time 

may increase or decrease, depending on whether the increase-of-stoppage-time effect or 

the increase-of-scrapping effect predominates. We found that all these effects are linear 

in the probability of failure of a workstation, but concave in the probability of repair. 

This implies constant performance gains as the failure probabilities decrease, but 

diminishing gains as the repair probabilities increase. We also found that all these 

effects are more intense for downstream workstations than for upstream workstations. 

This means that efforts to improve the uptime and downtime distribution parameters 

should start first at the last workstation and then move upstream towards the first 

workstation. Finally, we found that transfer lines processing material that has memory 

of the damage during stoppages perform worse than systems processing material having 

no memory of the damage. Also, the marginal gains in system performance that are 

obtained by increasing the maximum allowable standstill time of material are more 

important for material with memory of the damage than for material without memory. 

To evaluate the memoryless assumption of workstation uptimes and downtimes, 

we compared the performance of the original model with that of a modified model, in 

which the workstation downtimes no longer follow memoryless distributions. The 

performance of the modified model was obtained via simulation. We found that when 

the maximum allowable standstill time is greater than the mean repair time, more parts 

are scrapped in the original model than in the modified model, whereas when the 

maximum allowable standstill time is small than the mean repair time, the opposite is 

true. More importantly, we found that the differences in the performance measures 

between the original and the modified models were fairly small. This means that the 
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original model, which is analytically-tractable, can provide fairly accurate performance 

estimates for transfer lines with downtimes that do not follow memoryless distributions. 
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