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(57) Abrege(suite)/Abstract(continued):
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data, the DTC occurrence data and the DTC observance data. Number of faillures of products in a second predefined time period
Is computed based on the dependency parameters for estimating the warranty cost.
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ABSTRACT

Estimating warranty cost of products having multiple parts is described. In an implementation,
part-failure data indicative of number of cycles at which each part fails in and after a first
predefined time period is determined. Sensor data and service records data are obtained to
determine DTC occurrence data and DTC observance data. The DTC occurrence data and the
DTC observance data are indicative of number of cycles at which each DTC associated with
each part occurs and is observed for first time in the first predefined time period, respectively.
Dependency parameters between the part-failure data, the DTC occurrence data and the DTC
observance data are identified based on Bayesian Network that represents probabilistic
relationships between the part-failure data, the DTC occurrence data and the DTC observance

data. Number of failures of products in a second predefined time period is computed based on

the dependency parameters for estimating the warranty cost.



10

15

20

25

CA 02897308 2015-07-14

WARRANTY COST ESTIMATION BASED ON COMPUTING A PROJECTED NUMBER OF FAILURES OF

PRODUCTS
TECHNICAL FIELD

[0001] The present application claims priority to Indian Provisional Patent Application No.
2311/ MUM/2014, filed on July 15, 2014, the entirety of which is hereby incorporated by

reference.

[0002] The present application also claims benefit from Complete after Indian Provisional
Patent Application No. 2311/MUM/2014, filed on November 12" 2014, the entirety of which

is hereby incorporated by reference.

[0003] The present subject matter relates, in general to computing projected number of
failures of products having multiple parts, and warranty cost estimation based on the projected
number of failures of the products so computed, and particularly but not exclusively, warranty

cost estimation using Bayesian network.
BACKGROUND

[0004] Nowadays, when consumers purchase a product, manufacturers of the product
usually agree to reimburse the consumers, or replace the product, in case of failure of the
product within a specified duration of time. For example, the manufacturers may be liable to
reimburse the consumer, or replace the product, in case the product fails within a specitic time
period from the date of purchase of the product. Such an agreement or arrangement is called
warranty. Organizations or the manufacturers of products generally invest resources in order to
ensure accurate estimation of warranty costs associated with the products.

[0005] Generally, multi-part product manufacturing companies’ estimate warranty costs
associated with products in order to draw annual budget. However, there are various factors
that affect the warranty costs and therefore the task of estimation of warranty costs 1s
complicated. Incorrect estimation of the warranty costs may lead to under-estimation and over-
estimation of warranty costs.

[0006] The warranty costs are typically estimated based on factors, such as a number of

warrantable products, projected number of failures or failure rate of products, and cost per
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failure. The accuracy of estimated warranty costs depends on the accuracy with which
projected number of failures of products can be determined. The higher the accuracy with
which the projected number of failures of products is determined, the higher is the accuracy of
estimated warranty costs.

[0007] Conventional methodologies for determining projected number of failures of
products utilize past part-failure data of products. The past part-failure data follows a
probability distribution, such as Weibull and log-normal distributions. The conventional
methodologies utilize past part-failure data and do not consider factors associated with
introduction of newer models of products and new manufacturing facilities or plants for
manufacturing the products, for determining the projected number of failures of products.
Hence, the accuracy of the projected number of failures of products based on the conventional
methodologies 1s substantially low. As a result, the accuracy of the estimation ot warranty cost

1s compromised and therefore, cannot be considered as reliable.

SUMMARY
[0008] A method for computing a projected number of failures of products having multiple
parts is disclosed. The method comprises determining, by a processor, part-failure data. The
part-failure data is indicative of a number of cycles at which each part fails in and after a first
predefined time period. The method further comprises determining diagnosed trouble code
(DTC) occurrence data from sensor data of the products. The DTC occurrence data 1s indicative
of a number of cycles at which a DTC associated with a part of the products occurs for a first
time in the first predefined time period, and wherein functioning of each of the multiple parts 1s
diagnosed using DTCs associated with a respective part. The DTC 1is associated for a trouble
symptom for the part of the products. The method further comprises determining DTC

observance data from service records data of the products. The DTC observance data is

indicative of a number of cycles at which each DTC associated with each part is observed for
first time in the first predefined time period. The method further comprises 1dentifying, by the
processor, dependency parameters between the part-failure data, the DTC occurrence data and
the DTC observance data, based on a Bayesian Network. The Bayesian Network represents
probabilistic relationships between the part-failure data, the DTC occurrence data and the DTC

observance data, and wherein the dependency parameters are associated with the probabilistic
2
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relationships. The method further comprises computing, by the processor, the projected number
of failures of the products in a second predefined time period based on the dependency
parameters. The second predefined time period 1s indicative of a time period after the first
predefined time period. The method further comprises estimating, by the processor, a warranty

cost of the products based on the number of projected failures of the products and a part

replacement cost of the products.

[0009] A system for computing a projected number of failures of products having multiple
parts 1s disclosed. The system comprises a processor and a memory coupled to the processor.
The processor executes computer-readable instructions stored in the memory to determine part-
failure data. The part-failure data is indicative of a number of cycles at which a part of a
product fails 1n a first predefined time period. The processor further determines DTC
occurrence data from sensor data of the products. The DTC occurrence data is indicative of a
number of cycles at which a DTC associated with a part of the products occurs for a first time
in and after the first predefined time period. The processor further determines DTC observance
data from service records data of the products. The DTC observance data 1s indicative of a
number of cycles at which a DTC associated with a part of the products 1s observed for a first
time 1n the first predefined time period. The processor further identifies dependency parameters
between the part-failure data, the DTC occurrence data and the DTC observance databased on a
Bayesian Network. The Bayesian Network represents probabilistic relationships between the
part-failure data, the DTC occurrence data and the DTC observance data, and wherein the

dependency parameters are associated with the probabilistic relationships. The processor
further computes a number of projected failures of the products in a second predefined time
period based on the dependency parameters, wherein the second predefined time period 1s
indicative of a time period after the first predefined time period. The processor further

estimates a warranty cost of the products based on the number of projected failures of the

products and a part replacement cost of the products.

[0010] A non-transitory computer-readable medium having embodied thereon a computer
program for executing a method for computing a projected number of failures of products

having multiple parts. The method comprises determining part-failure data, wherein the part-

failure data is indicative of a number of cycles at which each part fails in and after a first
3
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predefined time period. The method further comprises determining DTC occurrence data from
sensor data of the products, wherein the DTC occurrence data is indicative of a number of
cycles at which each DTC associated with each part occurs for first time 1n the first predefined
time period. The method further comprises determining DTC observance data from service
records data of the products. The DTC observance data 1s indicative of a number ot cycles at
which each DTC associated with each part is observed for first time in the first predefined time
period. The method further comprises identifying dependency parameters between the part-
failure data, the DTC occurrence data and the DTC observance data based on Bayesian
Network that represents probabilistic relationships between the part-faitlure data, the DTC
occurrence data and the DTC observance data, and wherein the dependency parameters are
associated with the probabilistic relationships; and computing, by the processor, a number of
projected failures of the products in a second predefined time period based on the dependency
parameters, wherein the second predefined time period is indicative of time after the first
predefined time period. The computer program further comprises estimating a warranty cost of

the products based on the number of projected failures of the products and part replacement

costs of the products.

BRIEF DESCRIPTION OF THE DRAWINGS

[0011] The detailed description is described with reference to the accompanying figures. In
the figures, the left-most digit(s) of a reference number identifies the figure in which the
reference number first appears. The same numbers are used throughout the drawings to

reference like features and components.

[0012] Fig. 1 illustrates a network environment implementing a warranty cost estimation

system for estimation of warranty costs, in accordance with an implementation of the present

subject matter.

[0013] Fig. 2 illustrates a system environment for collation of data for estimation of

warranty costs by the warranty cost estimation system, in accordance with an implementation

of the present subject matter.

[0014] Fig. 3 illustrates a method for estimating warranty costs, in accordance with an

implementation of the present subject matter.
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DETAILED DESCRIPTION

[0015] System(s) and method(s) for warranty cost estimation using Bayesian network are
described. The system(s) and method(s) can be implemented 1n a variety of computing devices,
such as laptops, desktops, workstations, portable computers, tablet computers, servers, and
similar systems. However, a person skilled in the art will comprehend that the implementations
of the present subject matter are not limited to any particular computing system, architecture, or
application device, as they may be adapted to new computing systems and platforms as they
become available.

[0016] Companies that manufacture multi-part products, for example, home appliances,
electronic goods, and automobiles, have been investing heavily in effective and accurate
estimation of warranty costs associated with such products. Generally, multi-part product
manufacturing companies estimate warranty costs in order to draw their annual budget.
However, there are various factors that affect the warranty costs associated with products and
therefore, the task of estimation of warranty costs 1s complicated and ditficult. Incorrect
estimation of the warranty costs may include under-estimation and over-estimation of warranty
costs. Under-estimation of warranty cost can lead to shortage of parts or products in the market,
which may adversely affect the replacement of parts or products when the products fail. On the
other hand, with over-estimation of warranty costs, the manufacturers may end up keeping
aside extra capital for warranties, which could otherwise be used in some other area, such as
development and research.

[0017] The warranty costs are typically estimated based on factors, such as a number of
warrantable products, projected number of failures or failure rate of products, and cost per
failure. The accuracy of estimated warranty costs depends on the accuracy with which the
projected number of failures of products can be determined. The higher the accuracy with
which the projected number of failures of products is determined, the higher is the accuracy of
estimated warranty costs.

(0018} Conventional methodologies of determination of projected number of failures of
products utilize past part-failure data of products. The past part-failure data is said to follow a
probability distribution, such as Weibull and log-normal distributions. The projected number of

failures of products can be determined based on parameters associated with the probability
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distribution followed by the past part-failure data. However, the conventional methodologies
utilize past part-failure data and do not consider factors associated with introduction of newer
models of products and new manufacturing facilities or plants for manufacturing the products,
for determination of the projected number of failures of products. Since the number of failures
of the newer products or the products manufactured through new manutacturing facilities may
not follow from the probability distribution for the past part-failure data of the older models of
products, the projected number of failures determined from the past part-failure data may not
correctly relate to the number failures of newer products or the products manufactured through
the new manufacturing facilities. Thus, the accuracy of the projected number of failures of
products based on the conventional methodologies is substantially low. As a result, the
accuracy of the estimation of warranty cost is compromised and therefore, cannot be considered

as reliable.

[0019] Further, conventional methodologies estimate parameters associated with the
probability distribution followed by the past part-failure data in product-wise manner, 1.€.,
considering whole product as one unit. Generally, each product can further be divided into parts
or more granular levels, and each part can have different failure rates. The conventional
methodologies do not consider part-wise failure rates while determination of number of failures
of products. Thus, the conventional methodologies provide an inefficient and inaccurate
proposition for estimation of warranty costs.

[0020] The present subject matter describes systems and methods for estimating warranty
costs for products with multiple parts, also referred to as multi-part products. The systems and
the methods of the present subject matter provide for improved estimation of warranty costs for
multi-part products based on computation of expected or projected number of failures of
products with better accuracy in comparison to that determined conventionally.

[0021] With the systems and the methods of the present subject matter, the warranty costs

can be estimated for multi-part products in which functioning of various parts can be monitored
or diagnosed using sensors and an on-board diagnostic system, and for which after sales service
can be provided, apart from the warranty. The multi-part products may include, but are not
restricted to, automobiles, and electronic and communication devices. The on-board diagnostic
system in such a product may record sensor data comprising a diagnosed trouble code (D1C)

for each trouble or fault symptom occurring in any of the parts, if any, detected by the sensors.
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One or more unique DTCs can be associated with a part, for different possible trouble
symptoms for the part. Each unique DTC may be for a unique possible trouble symptom tor the
part. All the DTCs associated with a part may occur when the part fails. One or more DTCs

associated with a part may occur before the part fails.

[0022] It may be understood that the products for which after sales service 1s provided may
be taken to a service station either for a regular service checkup, or when the product, or a part
in the product, has failed. The trouble symptoms or the DTCs for parts of a product may occur
before the failure of the parts and also before the product is taken to the service station. Such
DTCs may also be observed during the service of the product at the service station. The data
associated with the occurrence of DTCs in the products, before the products are taken to the
service station, may be referred to as sensor data or tele-diagnostic data of the products. The
data associated with the observance of DTCs in the products at the service stations may be
referred to as service station data or service records data.

[0023] In one implementation, the systems and the methods of the present subject matter
facilitate an improved computation of number of failure of products by fusion of past part-
failure data of products with additional information, such as DTC occurrence data determined
based on the sensor data and DTC observance data determined based on the service records
data. The systems and the methods of the present subject matter utilize probabilistic
relationships between the past part-failure data, the DTC occurrence data and the DTC
observance data, in order to compute an expected number of failures of products and thus
estimate the warranty costs of products with higher accuracy. The probabilistic relationships
between the past part-failure data, the DTC occurrence data, and the DTC observance data may
be governed by conditional dependencies of occurrence and observance of DTCs on a rate of
part failure. Further, the extent of conditional dependence may vary over time, e.g., due to
introduction of newer models of products and change in the number of product units sold. In
order to consider the conditional dependence and the corresponding dynamism for the
estimation of warranty costs, the systems and the methods of the present subject matter utilizes
a Bayesian network to model the probabilistic relationships and the conditional dependencies
between the past part-failure data, the DTC occurrence data and the DTC observance data. The

systems and the methods of the present subject matter identify the dependencies based on the
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Bayesian network and use the identified dependencies to predict an expected number of failures
of products with better accuracy.

[0024] Further, since each part can have different failure rates, the systems and the methods
of the present subject matter may determine the number of failures on a granular level, 1.e., on
part level, rather than on a product level in order to improve the overall accuracy of the
estimation.

[0025] Furthermore, the systems and the methods of the present subject matter may utilize
a Bayesian network with a part failure node linked to a DTC occurrence node which in turn 1s
linked to a DTC observance node. This Bayesian network herein follows a model that when a
part fails, a trouble symptom in terms of DTC occurs in the product. The owner of the product
may then take the product to a service station, where the DTC is observed. In one example, the
part failure node is modeled using Weibull distribution, and the DTC occurrence and the DTC
observance nodes are modeled using Gaussian or Normal distributions. The parameters of such
distributions may be utilized to define the dependencies between the part-failure node, the DTC
occurrence node, and the DTC observance node. The number of failure of products may be
computed based on the dependency parameters, and the warranty cost of the products may be

estimated based on the computed number of failures of the products.

[0026] As would be gathered, the present subject matter integrates the past part-failure data
along with the DTC occurrence data and the DTC observance data associated with the products
for estimation of the warranty costs. Further, since the analysis is performed in a part-wise
manner, the accuracy of the estimation of warranty costs is improved. All the above-mentioned
advantages lead to an optimum utilization of time and resources, which would facilitate 1n
reducing the cost and efforts involved as well. Therefore, the systems and the methods of the
present subject matter provide a comprehensive and exhaustive approach for a time-saving,
accurate, and inexpensive warranty cost estimation.

[0027] These and other advantages of the present subject matter would be described 1n
greater detail in conjunction with the following figures. While the aspects of the described
system(s) and method(s) for warranty cost estimation can be implemented in any number of

different computing systems, environments, and/or configurations, the implementations are

described in the context of the following exemplary system(s).
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[0028] Fig. 1 illustrates a network environment 100 implementing a warranty cost
estimation system 102 for estimation of warranty costs in accordance with an implementation
of the present subject matter. The warranty cost estimation system 102 hereinatfter 1s reterred to
as the system 102. In the network environment 100, the system 102 1s connected to a network
104. Further, the system 102 is connected to a database 106, where the database 106 may store
data that may be utilized for estimation of warranty costs by the system 102. Additionally, the
network environment 100 includes one or more user devices 108-1, 108-2...108-N, collectively

referred to as user devices 108 and individually referred to as user device 108, connected to the
network 104. A user may utilize the user device 108 for estimation of warranty costs through
the system 102.

[0029] The system 102 can be implemented as a computing device connected to the
network 104. For instance, the system 102 may be implemented as workstations, personal
computers, desktop computers, multiprocessor systems, laptops, network computers,
minicomputers, servers, and the like. In addition, the system 102 may include multiple servers
to perform mirrored tasks for users.

[0030] Furthermore, the system 102 can be connected to the user devices 108 through the
network 104. Examples of the user devices 108 include, but are not limited to personal
computers, desktop computers, smart phones, PDAs, and laptops. Communication links
between the user devices 108 and the system 102 are enabled through various forms of
connections, for example, via dial-up modem connections, cable links, digital subscriber lines
(DSL), wireless or satellite links, or any other suitable form of communication.

[0031] Moreover, the network 104 may be a wireless network, a wired network, or a
combination thereof. The network 104 can also be an individual network or a collection of
many such individual networks interconnected with each other and functioning as a single large
network, e.g., the internet or an intranet. The network 104 can be implemented as one of the
different types of networks, such as intranet, local area network (LAN), wide area network
(WAN), the internet, and such. The network 104 may either be a dedicated network or a shared
network, which represents an association of the different types of networks that use a variety of
protocols, for example, Hypertext Transfer Protocol (HTTP), Transmission Control

Protocol/Internet Protocol (TCP/IP), etc., to communicate with each other. Further, the network

104 may include network devices, such as network switches, hubs, routers, host bus adapters
9
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(HBAs), for providing a link between the system 102 and the user devices 108. The network
devices within the network 104 may interact with the system 102 and the user devices 108
through communication links.

[0032] As shown, the system 102 includes one or more processor(s) 110, interface(s) 112,
and a memory 114 coupled to the processor 110. The processor 110 can be a single processing
unit or a number of units, all of which could also include multiple computing units. The
processor 110 may be implemented as one or more microprocessors, microcomputers,
microcontrollers, digital signal processors, central processing units, state machines, logic
circuitries, and/or any devices that manipulate signals based on operational 1nstructions.
Among other capabilities, the processor 110 1s configured to fetch and execute computer-
readable instructions and data stored in the memory 114.

[0033] The interfaces 112 may include a variety of software and hardware interfaces, for
example, interface for peripheral device(s), such as a keyboard, a mouse, an external memory,
and a printer. Further, the interfaces 112 may enable the system 102 to communicate with other
computing devices, such as web servers, and external data repositories, such as the database
106, in the network environment 100. The interfaces 112 may facilitate multiple
communications within a wide variety of protocols and networks, such as the network 104,
including wired networks, e.g., LAN, cable, etc., and wireless networks, e.g., WLAN, cellular,
satellite, etc. The interfaces 112 may include one or more ports for connecting the system 102
to a number of computing devices.

[0034] The memory 114 may include any non-transitory computer-readable medium
known in the art including, for example, volatile memory, such as static random access
memory (SRAM) and dynamic random access memory (DRAM), and/or non-volatile memory,

such as read only memory (ROM), erasable programmable ROM, flash memories, hard disks,
optical disks, and magnetic tapes. The non-transitory computer-readable medium, however,
excludes a transitory, propagating signal.

[0035] The system 102 also includes module(s) 116 and data 118. The module(s) 116
include routines, programs, objects, components, data structures, etc., which perform particular
tasks or implement particular abstract data types. In one implementation, the module(s) 116
include a part-failure data determination module 120, a DTC data determination module 122, a

warranty cost estimator 124, and other module(s) 126. The part-failure data determination
10
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module 120, the DTC data determination module 122, and the warranty cost estimator 124 may

form part of a warranty cost estimation module in the module(s) 116. The other module(s) 126

may include programs or coded instructions that supplement applications and functions of the
system 102.

[0036] On the other hand, the data 118, inter alia, serves as a repository for storing data
processed, received, and generated by one or more of the module(s) 116. The data 118
includes, for example, part-failure data 128, DTC data 130, Bayesian network dependency
parameters 132, warranty cost data 134, and other data 136. The part-failure data 128, the DTC
data 130, the Bayesian network dependency parameters 132, and the warranty cost data 134
may form part of warranty cost estimation data in the data 118. The other data 136 includes
data generated as a result of the execution of one or more modules 1n the module(s) 116.

[0037] The description hereinafter describes an exemplary procedure of estimation of
warranty cost of products using the system 102. In the example described herein, the products
are cars having multiple parts P, and each car having various sensors and an on-board
diagnostic system to monitor functioning of the multiple parts P. The on-board diagnostic
system in each car is capable of recording diagnosed trouble codes (DTCs) for trouble or fault
symptoms occurring in any of the parts P, when detected by the sensors. The cars are provided
with after sales service at the service stations. Although the description herein is described with
reference to cars as the products; the procedure can be applied for estimation of warranty cost
for other products including electronics and communication devices, and such, where the
products have sensors and on-board diagnostic system for recording DTCs, and the products
can be taken to service stations for repair or servicing.

[0038] Further, for the purposes of description herein, consider that data 1s collected for a
first predefined time period [T, T»] for n cars indexed from 1 to n, where each car has m parts
P, to Pn. In an example, the first predefined time period can be from year 2008 (1) to year
2010 (T,). Each part P; is associated with a set of DTCs Djs as {Dj1, Dj2, .... Djr}, where k = 1,
2, ..., . When a part P; fails, all the DTCs Dys associated with the part P; occur, and one or
more DTCs associated with a part P; may occur and may be observed before the part P; fails.
Further, the data collected may include part failure data, DTC observance data based on service
records data, and DTC occurrence data based on sensor data. The part-failure data is indicative

of number of cycles at which each part P; fails in and after the first predefined time period. This
11
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part-failure data may also refer to the past part-failure data. The DTC occurrence data 1s
indicative of number of cycles at which each DTC Dy, associated with each part Pj occurs for
first time in the first predefined time period. The DTC observance data is indicative of number
of cycles at which each DTC Djx associated with each part P; is observed for first time in the
first predefined time period. The number of cycles mentioned herein may be defined 1n terms ot
operating time of the product, for example, in hours, days, or months, or defined in terms of
operating distance of the product, for example, in kilometers or miles. For the example of cars
as the products, the number of cycles may be in terms of kilometers or miles.
[0039] In an implementation, the part-failure data determination module 120 determines the
part-failure data. In an example, the part-failure data determination module 120 may obtain the
part-failure data from the database 106 or an external data repository that may store such a data,
and store it in the part-failure data 128. In determining the part-failure data, the part-tailure data
determination module 120 may identify, for each part Pj, a first set of cars Cj in which the
respective part Pj fails for the first time in the first predefined time period [T;,T3]. The first set
of cars Cj may include the index of cars and 1s thus detined as:

Ci={1}, .. (1)
where 1 is index of a car in which part P; fails in the time interval [T4,13].
10040] The part-failure data determination module 120 may further identify, for each part
Pj and for each DTC Dj associated with the respective part Pj, a second set of cars C'ix in which
the respective part P; fails for the first time after T, but the associated respective DTC Di
occurs and is observed for the first time in the first predefined time period [T,T2]. The second
set of cars C'jx includes index of cars, and is thus defined as:

Kk=1{1}, .. (2)

where 1 is index of a car in which part P; fails for the first time after 1.
[0041] The part-failure data determination module 120 may further identity, for each part
P;, a first part-failure set Fail; including number of cycles at which the respective part Pj fails

for the first time for each car in the first set of cars C;. Thus, the first part-failure set Fail; 1s

defined as:
Falljx{pJ,ICCJ}, (3)

where p;; is the number of cycles at which part P; fails for the first time in i

car, where 1 € C;. It

may be understood that i is from {1, 2, ..., n} and j is from {1, 2, ..., m}.
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[0042] Further, in an implementation, the DTC data determination module 122 obtains
sensor data of the products to determine the DTC occurrence data from the sensor data. In an
example, the DTC data determination module 122 may obtain the sensor data from the database
106 or an external data repository that may store such a data, determine the DTC occurrence
data from the sensor data, and store the DTC occurrence data in DTC data 130. In determining
the DTC occurrence data from the sensor data, the DTC data determination module 122 may
determine, for each part P; and for each DTC Dy associated with the respective part Pj, a first
DTC occurrence set Indjc including number of cycles at which the respective DTC Dy
associated the respective part Pj occurs for the first time for each car in the first set of cars C;.
Thus, the first DTC occurrence set Ind;x may be defined as:

Indy = { djxi : 1 € G}, ... (4)
where djx; is the number of cycles at which the DTC Djy associated with part P; occurs for the
first time in the i car, where i € C;.
[0043] The DTC data determination module 122 may further determine, tor each part P;
and for each DTC Dy associated with the respective part P;, a second DTC occurrence set Ind'
including number of cycles at which the respective DTC Dj, associated the respective part P
occurs for the first time for each car in the second set of cars C'. Thus, the second DTC
occurrence set Ind'x may be defined as:

Ind'y = { d'jki : 1€ Cly}, ... (9)
where d'; is the number of cycles at which the DTC Dy associated with part Pj occurs for the

first time in the i" car, where i € C'y..
[0044] Further, in an implementation, the DTC data determination module 122 obtains
service records data of the products to determine the DTC observance data from the service

records data. In an example, the DTC data determination module 122 may obtain the service
records data from the database 106 or an external data repository that may store such a data,

determine the DTC observance data from the service records data, and store the DTC
observance data in DTC data 130. In determining the DTC observance data from the service
records data, the DTC data determination module 122 may determine, for each part P; and for
each DTC Dy associated with the respective part P;, a first DTC observance set Servj, including

number of cycles at which the respective DTC Djx associated the respective part P; is observed
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for the first time for each car in the first set of cars C;. Thus, the first DTC observance set Serviy

may be defined as:

Servik = { Siki : 1 € Cj}, ... (6)
where si; is the number of cycles at which the DTC Dy associated with part P; is observed for
the first time in the i" car, where i € C;.
[0045] The DTC data determination module 122 may further determine, for each part P,
and for each DTC D associated with the respective part Pj, a second DTC observance set
Serv'x including number of cycles at which the respective DTC Dji associated the respective
part P; is observed for the first time for each car in the second set of cars C'y. Thus, the second
DTC observance set Serv'jx may be defined as:

Serv'ixk = { s'iki : 1€ Cli}, .. (7)
where s'y; is the number of cycles at which the DTC Djx associated with part P; is observed for
the first time in the i"" car, where i € C'y.
[0046] In an example, pji, dii, and sy from the sets Failj, Indy, and Servji, respectively,
satisty the following relation:

djki < sjki < Dji, ... (8)
[0047] In one example, each of the parts P; and the associated DTCs Djs may have some
dependency. Some of the examples of such dependencies are as follows: 1) DTC Djk always
occurs, roughly two months before the part failure; 2) DTC Djx which occurs before the actual
part failure, follow some probability distribution.
[0048] In an implementation, the warranty cost estimator 124 identifies dependency

parameter between the part-failure data, the DTC occurrence data and the DTC observance

data. This identification is based on Bayesian Network that represents probabilistic
relationships between the part-failure data, the DTC occurrence data and the DTC observance

data. The dependency parameters are associated with the probabilistic relationships between the

part-failure data, the DTC occurrence data and the DTC observance data. The Bayesian
network combines the Bayesian probability theory and the notion of conditional dependence to
represent the dependencies between the part-failure data, the DTC occurrence data and the
DTC observance data.

[0049] For identification of the dependency parameters, the warranty cost estimator 124

may determine probability distribution functions that are respectively followed by the first part-
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failure set Fail;, the first DTC occurrence set Indj, the second DTC occurrence set Ind'j, the

first DTC observance set Servjy, and the second DTC observance set Serv'i.
[0050]  In an example, the first part-failure set Fail;, or the values {; of Fail;, follows Weibull
distribution with a shape parameter as 3; and a scale parameter as a;. Thus, the values ; of Fail;
can be defined as:

f; ~ Weibull(a;, ;). ... (9)
Here the scale parameter a; follows a Uniform distribution with lower limit as 0 and upper limit
as a > 0, and the shape parameter J; follows a Uniform distribution with lower limit as 0 and
upper limit as b > 0.
[0051] In an example, the first DTC occurrence set Indj, or the values 1 therein, follow
Normal distribution with a mean dependent on the part-failure data, 1.e., the values fj of Fail;.
The values i of the first DTC occurrence set Ind;x follow Normal distribution with mean as f; -
f; X ry and standard deviation as ' k. Thus, the values ij of Indjx can be defined as:

i ~ Normal distribution (f; — f; X rj, 6'j1), .. (10)
where fj represents the values from the set Fail;, rjx follows a Uniform distribution with lower
limit as r; > 0 and upper limit as r, > 0, and Gljk follows Uniform distribution with lower limit
as 0 and upper limit as ¢; > 0.
[0052]  Similarly, the second DTC occurrence set Ind'jx, or the values 1 therein, follow
Normal distribution similar to the one followed by the values 1j of the tirst DTC occurrence set
Indjy.
[0053] In an example, the first DTC observance set Servik, or the values sj therein, follow
Normalize distribution with a mean dependent on the part-failure data, 1.e., the values {; ot Fail;,
and on the DTC occurrence data, i.e., the values i of Indj. The values sjc of the first DTC
observance set Servi follow Normal distribution with mean as (fj — 1jx) X mj + 1jx and standard
deviation as 02_"](. Thus, the values sj of Servjx can be defined as:

Sik ~ Normal distribution ((f; — ijx) X my + ik, 6%%), ... (11)
where fj represents the values from the set Fail;, 1 represents the values from the set Indj, mj

follows a Uniform distribution with lower limit as 0 and upper limit as 1, and ¢% follows

Uniform distribution with lower limit as 0 and upper limit as ¢; > 0.
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[0054] Similarly, the second DTC observance set Serv'y, or the values s' therein, tollow
Normal distribution similar to the one followed by the values s of the first DTC observance set
Servik.

[0055] According to the example described herein, the dependency parameters are
identified based on: (1) mean and variance of Normal distributions for the first DTC occurrence
set Indjx and the second DTC occurrence set Ind'y; and (2) mean and variance of Normal
distributions for the first DTC observance set Servjx and the second DTC observance set Serv'j.
In the example describe herein, the dependency parameters are rjy, o' ik, Mik, and szk.

[0056] Further, the system 102 can compute the number of failures of cars in a second
predefined time period [T3, T4] for different scenarios. The second predetined time period [13,
T4] is indicative of time after the first predefined time period [T;, T;]. In an example, 1f the first
predefined time period is from year 2008 (T,) to year 2010 (T3), then the second predefined
time period can be from year 2011 (T5) to year 2013 (T4). In first scenario, the system 102 may
utilize the part failure data, i.e., the first part-failure set Fail;, and the D'TC observance data, 1.e.,
the first and the second DTC observance sets Servjx and Serv'y, for computing the number of
failures of cars in second predefined time period [T3, T4]. In second scenario, the system 102
may utilize the part failure data, i.e., the first part-failure set Fail;, the DTC occurrence data,
1.e., the first and the second DTC occurrence sets Ihdjk and Ind'jx, and the DTC observance data,
i.e., the first and the second DTC observance sets Servy and Serv'j, for computing the number
of failures of cars in the second predefined time period [T3, T4]. In an implementation, data
associated with the number of failures of cars may be stored in the warranty cost data 134.

[0057] According to the first scenario, using the values f; from Fail; and the values s;x from
Serv; in the probability distribution functions described above, the warranty cost estimator 124
may learn the values of 1y, rik, G ik, My, and szk. Further, using the learnt values of 13, 1j, O'ljk,
my, and 0%, and using the values s’ from Serv'i in the probability distribution functions
described above, the warranty cost estimator 124 may learn the values of f'jx as a second part-
failure sets Fail'y. The second part-failure set Fail'j is indicative of number of cycles at which
the respective part P; fails for the first time after the first predefined time period.

[0058]  Then, the warranty cost estimator 124 determines a union set for each part P; based

on union of the first part-failure set Fail; and the second part-failure set Fail'j for the respective

part P;. Thus, the union set 1s defined as:
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Fail"jk — Failj U Fail'jk. .o (12)
[t may be noted that Fail; N Fail'jx 1s a null set.
[0059] Further, using Fail"j in the probability distribution functions described above, the
new

warranty cost estimator 124 may learn a;" ", ;" . Subsequently, the warranty cost estimator

124 may determine the probability of failure of the part P; in [T3,T4] based on:

Zj= exp(-(Ta x (0" ;™)) - exp(-(T3 x (o5 /B 7)) ... (13)
[0060] Further, the warranty cost estimator 124 may compute the number of failures tor the

cars in the time period [T3, T4] as:

2i Zi (Z5) ... (14)
where j=1tom,and1=1 to n.

[0061]  According to the second scenario, using the values fj from Fail;, the values 1 from
Indj, and the values sy from Servy in the probability distribution functions described above,
the warranty cost estimator 124 may learn the values of rj, 'jx, My, and o%j. Further, using the

1

) . :
learnt values of rjk, 0 ik, mjk, and c”jx, and using the values 1'y from Ind'y and the values s'y from

Serv'x in the probability distribution functions described above, the warranty cost estimator 124

may learn the values of 'k as a second part-failure sets Fail'jx. The second part-failure set Fail'j

is indicative of number of cycles at which the respective part P; fails for the first time after the

first predefined time period.

[0062]  Then, the warranty cost estimator 124 determines a union set for each part P; based

on union of the first part-failure set Fail; and the second part-failure set Fail'y for the respective

part P;. Thus, the union set 1s defined as: . '
Fail"y = Fail; U Fail'j. ... (15)

[t may be noted that Fail; M Fail'jx 15 a null set.

[0063] Further, using Fail"jx in the probability distribution functions described above, the

new B.new
2

warranty cost estimator 124 may learn o, . Subsequently, the warranty cost estimator

124 may determine the probability of failure of the part P; in [T5,T4] based on:

Zi= exp(-(Ta x (o™ B"™)) - exp(-(T3 x (@ B"™) ... (16)
[0064] Further, the warranty cost estimator 124 may compute the number of failures for the

cars 1n the time period [ T3, T4] as:

2i 2i (Zi) ... (17)
where j=1tom,and 1= 1 to n.
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[0065] In one implementation, the warranty cost estimator 124 may learn the dependency
parameters and other values using a technique, such as Maximum-likelthood estimation
technique, Expectation Maximization (EM) technique, or Marcov Chain Monte Carlo (MCMC)
technique. In an implementation, the dependency parameters may be stored in the Bayesian
network dependency parameters 132.
[0066] After this, the warranty cost estimator 124 estimates the warranty cost of cars 1n the
second predefined time period based on the computed number of fatlures of cars and part
replacement cost. The part replacement cost may also be referred to as the cost per failure. In an
example, the warranty cost of cars may be equal to the computed number of failures of cars
multiplied with the cost per failure. In an implementation, the data associated with the
estimated warranty cost may be stored in the warranty cost data 134.
[0067] In an example, another cost, namely a penalty cost, may be incurred in terms of
customer dissatisfaction for the parts which fail after the warranty period is over. This penalty
cost associated with the parts may decrease with time. For this, the warranty cost estimator 124
may determine the parts that fail before the warranty period. The warranty cost of i™ part P;
with a warranty period as w; can be defined as:

(Warranty cost); = Ry Fi(wj)) + Rybe™ (1 -F(w;)) ... (18)
where b and ¢ > 0, F(w;) 1s a fraction of i™ parts which fail before the warranty period w;, and
R; is the cost per failure for the part P;.
[0068] Fig. 2 illustrates a system environment 200 for collation of data for estimation of
warranty costs by the warranty cost estimation system 102, in accordance with an
implementation of the present subject matter. For the sake of simplicity, one product 202 and
one service station 204 are illustrated in Fig. 2. In an implementation, the system environment
200 may include multiple products and multiple service stations. As shown, the product 202

includes sensors 206 and an on-board diagnostic system 208 for monitoring of functioning of

various parts in the product 202 and for recording of DTCs which may occur in case a fault
symptom is detected in any of the parts in the product 202. When the product 202 1s taken to
the service station 204, the sensor data may be gathered at the service station 204 to determine
data associated with the occurrence of the DTCs, i.e., the DTC occurrence data, in the product

202. In addition, at the service station 204, the data associated with the observance of the

DTCs, i.e., the DTC observance data, for the product 202 may also be gathered at the service
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station 204. The DTC observance data may be gathered as the service records data. For
gathering the data, a data collector or a diagnostic device (not shown) may be coupled to the
product 202 at the service station 204.

[0069] Further, in an implementation, the sensor data and the service records data gathered
at the service station 204 may be transmitted, for example, in real-time or intermittently, to a
central server 210, or an external data repository. The system 102 may obtain the sensor data
and the service records data of the products from the central server 210, or the external data
repository, as the case may be, for the purpose of determining the DTC occurrence data and the
DTC observance data, and then determining number of failures of the products and the
estimation of warranty costs for the products, in accordance with the present subject matter.
[0070] In an implementation, the sensor data in the product 202 may be transmitted, for
example, in real-time or intermittently, directly to the central server 210, or to the external data
repository, or to the service station 204.

(0071} Fig. 3 illustrates a method 300 for estimating warranty costs, in accordance with an
implementation of the present subject matter. The method 300 may be implemented 1n a variety
of computing systems in several different ways. For example, the method 300, described
herein, may be implemented using a warranty cost estimation system 102, as described above.
[0072] The method 300, completely or partially, may be described in the general context of
computer executable instructions. Generally, computer executable instructions can include
routines, programs, objects, components, data structures, procedures, modules, functions, etc.,
that perform particular functions or implement particular abstract data types. A person skilled

in the art will readily recognize that steps of the method can be performed by programmed
computers. Herein, some embodiments are also intended to cover program storage devices, €.g.,
digital data storage media, which are machine or computer readable and encode machine-
executable or computer-executable programs of instructions, wherein said instructions perform
some or all of the steps of the described method 300.

[0073] The order in which the method 300 is described is not intended to be construed as a

limitation, and any number of the described method blocks can be combined in any order to
implement the method, or an alternative method. Additionally, individual blocks may be
deleted from the method without departing from the scope of the subject matter described

herein. Furthermore, the methods can be implemented in any suitable hardware, software,
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firmware, or combination thereof. It will be understood that even though the method 300 1s
described with reference to the system 102, the description may be extended to other systems as
well.

[0074] At block 302, part-failure data 1s determined, where the part-failure data is
indicative of number of cycles at which each part P; of products fails 1n and after a first
predefined time period [T, T;]. In determining the part-failure data, for each part P;, a first set
of products C; is identified in which the respective part P; fails for first time in the first
predefined time period. Also, for each part P; and for each DTC DTCjc associated with the
respective part Pj, a second set of products C'i; is identified in which the respective part P; fails
for first time after the first predefined time period and the associated DTC DTCy occurs and is
observed for first time in the first predefined time period. Further, for each part P;, a first part-
failure set Fail; is determined, which includes number of cycles at which the respective part P,
fails for first time for each product in the first set of products C;. In an implementation, the part-
failure data, the Failj, the C;, and C'yx may be determined and identified, as the case may be, by
the system 102.

[0075] At block 304, sensor data of the products is obtained to determine DTC occurrence
data, where the DTC occurrence data is indicative of number of cycles at which each DTC
DTCj associated with each part Pj occurs for first time in the first predefined time period. In
determining the DTC occurrence data from the sensor data, for each part P; and for each DTC
DTCj, associated with the respective part Pj, a first DTC occurrence set Indj is determined,
which includes number of cycles at which the respective DTC DTCj associated with the
respective part P; occurs for the first time for each product in the first set of products C;.
Similarly, for each part P; and for each DTC DTCj associated with the respective part Pj, a
second DTC occurrence set Ind' is determined, which includes number of cycles at which the
respective DTC DTCj associated with the respective part Pj occurs for the first time for each

product in the second set of products C'jx. In an implementation, the DTC occurrence data, the
Indj, and the Ind';x may be determined by the system 102.

[0076] At block 306, service records data of the products is obtained to determine DTC
observance data, where the DTC observance data is indicative of number of cycles at which

each DTC, DTCj associated with each part P; is observed for first time in the first predefined

time period. In determining the DTC observance data from the service records data, for each
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part P; and for each DTC DTCj associated with the respective part Pj, a first DTC observance

set Servjk is determined, which includes number of cycles at which the respective DTC DTCy
associated with the respective part P;j is observed for the first time for each product in the first
set of products C;. Similarly, for each part P; and for each DTC DTCjx associated with the
respective part P;, a second DTC observance set Serv'jc is determined, which includes number
of cycles at which the respective DTC DTCj associated with the respective part P;j 1s observed
for the first time for each product in the second set of products C'i. In an implementation, the
DTC observance data, the Servjx, and the Serv'y, may be determined by the system 102.

[0077] At block 308, dependency parameters between the part-failure data, the DTC
occurrence data and the DTC observance data are identified. The dependency parameters are
identified based on Bayesian Network that represents probabilistic relationships between the
part-failure data, the DTC occurrence data and the DTC observance data. The dependency
parameters are associated with the probabilistic relationships between the part-failure data, the
DTC occurrence data and the DTC observance data. In an implementation, the dependency
parameters may be identified by the system 102.

[0078] For identification of dependency parameters, probability distribution tunctions that
are respectively followed by the first part-failure set Fail;, the first DTC occurrence set Indy,
the second DTC occurrence set Ind'i, the first DTC observance set Servjy, and the second DTC
observance set Serv'y are determined. In an implementation, the first part-failure set Fail; may
follow Weibull distribution; the first DTC occurrence set Indjx and the second DTC occurrence
set Ind'jx respectively may follow Normal distribution with a mean dependent on the part-
failure data; and the first DTC observance set Servjx and the second DTC observance set Serv'i
respectively may follow Normalize distribution with a mean dependent on the part-failure data
and the DTC occurrence data. Further, the dependency parameters are identified based on the
mean and the variance of Normal distributions for the first DTC occurrence set Indjx and the
second DTC occurrence set Ind'j, and the mean and the variance of Normal distributions for
the first DTC observance set Servj and the second DTC observance set Serv'jx.

[0079] Further, at block 310, number of failures of the products in a second predefined time
period [T3, T4] is computed based on the dependency parameters. The second predetfined time
period is indicative of time after the first predefined time period The number of failure of

products may be computed for estimating the warranty cost of the products. In an
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implementation, the warranty cost of the products may be estimated based on the computed
number of failures of the products and part replacement cost. The part replacement cost may
also be referred to as a cost per failure. In an implementation, the number of failures of the
products may be computed by the system 102, and the warranty cost of the products may be
estimated by the system 102.

[0080] In an implementation, for computing the number of failures of the products, for each
part P;, the dependency parameters may be learnt using the first part-failure set Fail;, the first
DTC observance set Servix and the probability distribution functions. Then, using the learnt
dependency parameters and the second DTC observance set Serv'y, a second part-failure set
Fail'y may be learnt for each part P;, where the second part-failure set Fail'y 1s indicative of
number of cycles at which the respective part P; fails for the first time after the first predetined
time period. After this, a union set may be determined for each part P; based on union of the
first part-failure set Fail; and the second part-failure set Fail'j, for the respective part P;. Further,
for each part P;, shape and scale parameters of Weibull distribution may be learnt based on the
union set, and the number of failures of the products may then be computed based on the learnt
shape and scale parameters for the each part P;.

[0081] In an implementation, for computing the number of failures of the products, for each
part P;, the dependency parameters may be learnt using the first part-failure set Fail;, the first
DTC occurrence set Indy, the first DTC observance set Servjx and the probability distribution
functions. Then, using the learnt dependency parameters, the second DTC occurrence set Ind'jx
and the second DTC observance set Serv'y, a second part-failure set Fail';x may be determined
for each part P;, wherein the second part-failure set Fail'j is indicative of number of cycles at
which the respective part P; fails for the first time after the first predefined time period. After
this, a union set may be determined for each part P; based on union of the first part-failure set
Fail; and the second part-failure set Fail'jx for the respective part P;. Subsequently, for each part
P;, shape and scale parameters of Weibull distribution are learnt based on the union set, and the
number of failures of the products may be computed based on the learnt shape and scale
parameters for the each part P;.

[0082] Although implementations of a method for estimating warranty costs of products

having multiple parts have been described in language specific to structural features and/or
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methods, it is to be understood that the present subject matter is not necessarily limited to the

specific features or methods described.
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CLAIMS:

1. A method for computing a projected number of failures of products having multiple

parts, wherein the method comprises:
determining, by a processor, part-failure data, wherein the part-failure data is indicative

of a number of cycles at which each part fails in and after a first predefined time period;

determining diagnosed trouble code (DTC) occurrence data from sensor data of the
products, wherein the DTC occurrence data is indicative of a number of cycles at which each
DTC associated with each part occurs for first time in the first predefined time period, and
wherein functioning of each of the multiple parts is diagnosed using DTCs associated with a
respective part, and wherein a DTC of the DTCs is associated for a trouble symptom for a part
of the products;

determining DTC observance data from service records data of the products, wherein
the DTC observance data is indicative of a number of cycles at which each DTC associated
with each part is observed for first time in the first predefined time period;

identifying, by the processor, dependency parameters between the part-failure data, the
DTC occurrence data and the DTC observance data, based on Bayesian Network, wherein the
Bayesian Network represents probabilistic relationships between the part-failure data, the DTC
occurrence data and the DTC observance data, and wherein the dependency parameters are
associated with the probabilistic relationships; and

computing, by the processor, the projected number of failures of the products in a

second predefined time period based on the dependency parameters, and wherein the second

predefined time period is indicative of a time period after the first predefined time period.

2. The method as claimed in claim 1, wherein determining the part-failure data comprises:
identifying, for each part, a first set of products in which the respective part fails for a
first time in the first predefined time period,;
identifying, for each part and for each DTC associated with the respective part, a second

set of products in which the respective part fails for a first time after the first predefined time

period, and the associated DTC occurs and the associated DTC is observed for a first time 1n

the first predefined time period; and
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determining, for each part, a first part-failure set including a number of cycles at which

the respective part fails for a first time for each product in the first set of products.

3. The method of claim 2, wherein determining the DTC occurrence data from the
sensor data comprises:
determining, for each part and for each DTC associated with the respective part, a first
DTC occurrence set including a number of cycles at which the respective DTC associated with
the respective part occurs for the first time for each product in the first set ot products; and
determining, for each part and for each DTC associated with the respective part, a
second DTC occurrence set including a number of cycles at which the respective DTC

associated with the respective part occurs for the first time for each product in the second set of

products.

4, The method as claimed in claim 3, wherein determining the DTC observance data

from the service records data comprises:
determining, for each part and for each DTC associated with the respective part, a tirst
DTC observance set including number of cycles at which the respective DTC associated with
the respective part is observed for the first time for each product in the first set of products; and
determining, for each part and for each DTC associated with the respective part, a
second DTC observance set including a number of cycles at which the respective DTC
associated with the respective part is observed for the first time for each product in the second

set of products.

. The method as claimed in claim 4, wherein identifying the dependency parameters
COMPIrISsEs:
determining probability distribution functions that are respectively followed by the first
part-failure set, the first DTC occurrence set, the second DTC occurrence set, the first DTC
observance set, and the second DTC observance set, wherein
the first part-failure set follows Wetbull distribution,
the first DTC occurrence set and the second DTC occurrence set respectively

follows a Normal distribution with a mean dependent on the part-failure data, and
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the first DTC observance set and the second DTC observance set respectively
follows a Normalize distribution with a mean dependent on the part-failure data and the
DTC occurrence data,
wherein the dependency parameters are based on:

a mean and variance of Normal distributions for the first DTC occurrence set

and the second DTC occurrence set, and

a mean and variance of Normal distributions for the first DTC observance set

and the second DTC observance set.

6. The method as claimed in claim 5, wherein computing the projected number of failures
of the products comprises:

learning, for each part, the dependency parameters using the first part-failure set, the
first DTC observance set and the probability distribution functions;

learning a second part-failure set for each part using the dependency parameters so
learnt and the second DTC observance set, wherein the second part-failure set 1s indicative ot a
number of cycles at which the respective part fails for the first time after the first predefined
time period;

determining a union set for each part based on a union of the first part-failure set and
the second part-failure set for the respective part; and

learning, for each part, shape and scale parameters of a Weibull distribution based on
the union set, wherein the projected number of failures of the products is based on the shape

and the scale parameters for the each part.

7. The method as claimed in claim 5, wherein computing the number of failures of the

products further comprises:

learning, for each part, the dependency parameters using the first part-failure set, the
first DTC occurrence set, the first DTC observance set and the probability distribution
functions:;

learning a second part-failure set for each part using the dependency parameters so
learnt, the second DTC occurrence set and the second DTC observance set, wherein the second

part-failure set is indicative of a number of cycles at which the respective part fails for the first

time after the first predefined time period;
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determining a union set for each part based on union of the first part-failure set and the
second part-failure set for the respective part; and
learning for each part, shape and scale parameters of Weibull distribution based on the

union set, wherein the computing the number of failures of the products 1s based on the learnt

shape and scale parameters for the each part.

8. The method as claimed in claim 1 further comprising:
estimating, by the processor, a warranty cost of the products based on the number of

projected failures of the products and a part replacement cost of the products.

9. A system for computing a projected number of failures of products having multiple
parts, wherein the system comprises:

a Processor;

a memory coupled to the processor , wherein the processor executes computer-readable
instructions stored in the memory to:

determine part-failure data, wherein the part-failure data is indicative of a number of
cycles at which a part of a product fails in a first predefined time period;

determine diagnosed trouble code (DTC) occurrence data from sensor data of the
products, wherein the DTC occurrence data is indicative of a number of cycles at which a DTC
associated with a part of the products occurs for a first time in and after the first predefined
time period, and wherein functioning of each of the multiple parts is diagnosed using DTCs
associated with a respective part, and wherein the DTC is associated for a trouble symptom for
the part of the product; and

determine DTC observance data from service records data of the products,
wherein the DTC observance data is indicative of a number of cycles at which a DTC

associated with a part of the products is observed for a first time in the first predetined

time period; and

identify dependency parameters between the part-failure data, the DTC
occurrence data and the DTC observance databased on a Bayesian Network, wherein

the Bayesian Network represents probabilistic relationships between the part-failure
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data, the DTC occurrence data and the DTC observance data, and wherein the
dependency parameters are associated with the probabilistic relationships; and
compute a number of projected failures of the products in a second predetined

time period based on the dependency parameters, wherein the second predefined time

period is indicative of a time period after the first predefined time period.

10.  The system of claim 9, the processor executes the computer-readable nstructions to:

identify, for each part, a first set of products in which the respective part fails for a first
time in the first predefined time period;

identify, for each part and for each DTC associated with the respective part, a second
set of products in which the respective part fails for a first time after the first predefined time
period and the DTC occurs and the DTC is observed for a first time in the first predefined time
period; and

determine, for each part, a first part-failure set including a number of cycles at which

the respective part fails for a first time for each product in the first set of products.

11.  The system of claim 10, wherein the the processor executes the computer-readable
instructions to:
determine, for each part and for each DTC associated with the respective part, a first
DTC occurrence set including a number of cycles at which the respective DTC associated with
the respective part occurs for the first time for each product in the first set of products; and
determine, for each part and for each DTC associated with the respective part, a second
DTC occurrence set including a number of cycles at which the respective DTC associated with

the respective part occurs for the first time for each product in the second set ot products.

12.  The system of claim 11, wherein the processor executes the computer-readable

instructions to,

determine, for each part and for each DTC associated with the respective part, a first

DTC observance set including a number of cycles at which the respective DTC associated with
the respective part is observed for the first time for each product in the first set of products; and

determine, for each part and for each DTC associated with the respective part, a second
DTC observance set including a number of cycles at which the respective DTC associated with

the respective part is observed for the first time for each product in the second set of products.
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13. The system of claim 12, wherein the processor executes the computer-readable
instructions to,
determine probability distribution functions that are respectively followed by the first
part-failure set, the first DTC occurrence set, the second DTC occurrence set, the first DTC
observance set, and the second DTC observance set, wherein
the first part-failure set follows a Weibull distribution,
the first DTC occurrence set and the second DTC occurrence set respectively
follows a Normal distribution with a mean dependent on the part-failure data, and
the first DTC observance set and the second DTC observance set respectively
follows a Normalize distribution with a mean dependent on the part-failure data and the
DTC occurrence data,
wherein the dependency parameters are based on,
mean and variance of Normal distributions for the first DTC occurrence set and
the second DTC occurrence set, and
mean and variance of Normal distributions for the first DTC observance set and

the second DTC observance set.

14. The system of claim 13, wherein the processor executes the computer-readable
instructions to,

learn, for each part, the dependency parameters using the first part-failure set, the first
DTC observance set and the probability distribution functions;

learn a second part-failure set for each part using the dependency parameters so learnt

and the second DTC observance set, wherein the second part-failure set is indicative of a
number of cycles at which the respective part fails for the first time after the first predetined
time period;

determine a union set for each part based on union of the first part-failure set and the
second part-failure set for the respective part; and

learn for each part, shape and scale parameters of a Weibull distribution based on the

union set, wherein computing the number of projected failures of the products is based on the

shape and the scale parameters for each part.
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15. The system as claimed in claim 13, wherein the processor executes the computer-readable
Instructions to,

learn, for each part, the dependency parameters using the first part-failure set, the first
DTC occurrence set, the first DTC observance set and the probability distribution functions;

learn a second part-failure set for each part using the dependency parameters so learnt,
the second DTC occurrence set and the second DTC observance set, wherein the second part-
failure set is indicative of a number of cycles at which the respective part fails for the first time
after the first predetined time period;

determine a union set for each part based on union of the first part-failure set and the
second part-failure set for the respective part; and

learn for each part, a shape and scale parameters of a Weibull distribution based on the
union set, wherein the the number of projected failures of the products is based on the shape

and the scale parameters for each part.

16. The system of claim 9, wherein the processor executes the computer-readable
instructions to estimate a warranty cost of the products based on the number of projected

failures of the products and part replacement costs of the products.

17. A non-transitory computer-readable medium having embodied thereon a computer
program for executing a method for computing a projected number of failures of products
having multiple parts, the method comprising:

determining part-failure data, wherein the part-failure data is indicative of a number of
cycles at which each part fails in and after a first predefined time period;

determine diagnosed trouble code (DTC) occurrence data from sensor data of the
products, wherein the DTC occurrence data is indicative of a number of cycles at which each
DTC associated with each part occurs for first time in the first predefined time period, and
wherein functioning of each of the multiple parts is diagnosed using DTCs associated with a
respective part, and wherein the DTC is associated for a trouble symptom for a part of the one
or more products;

determine DTC observance data from service records data of the products, wherein the
DTC observance data is indicative of a number of cycles at which each DTC associated with

each part is observed for first time in the first predefined time period,;
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1dentifying dependency parameters between the part-failure data, the DTC occurrence
data and the DTC observance databased on Bayesian Network that represents probabilistic

relationships between the part-failure data, the DTC occurrence data and the DTC observance
data, and wherein the dependency parameters are associated with the probabilistic
relationships; and

computing, by the processor, a number of projected failures of the products in a second
predefined time period based on the dependency parameters, wherein the second predefined

time period 1s indicative of time after the first predefined time period.

18. The computer program of claim 17, wherein the method further comprises estimating a
warranty cost of the products based on the number of projected failures of the products and part

replacement costs of the products.
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