
Maintenance Method of Logistics Vehicle Based
on Data Science and Quality

Yu Ping Peng1, Shih Chieh Cheng2(B), Yu Tsung Huang2, and Jun Der Leu2

1 Department of Logistics Management, National Defense University, Taoyuan City, Taiwan
jason@taivs.tp.edu.com

2 Department of Business Administration, National Central University, Taoyuan City, Taiwan
leujunder@mgt.ncu.edu.tw

Abstract. With the changes in consumption around the world, the global logis-
tics and logistics management has been developed, which has derived the business
opportunities of freight logistics and the demand for vehicles, which has led to
the increase of vehicles service and service parts . Therefore, effective remaining
vehicle readiness and reduction inmaintain costs have become an urging subject to
be solved in the industry of today. However, as in the era of big data, it is important
that the enterprise makes good use of data and information to save costs, increase
revenue, and ensure competitive advantages. But if we could not ensure the quality
of the data, it would easily lead the analysis to the wrong decisions. Therefore, this
study is based on the predictive maintenance, taking the condition of data quality
considerations, and using algorithms to construct a decision support model, and
proposing optimal replacement cycles and rules for vehicle components, and ana-
lyzing the impact on brands and maintenance amounts. Therefore, this study is
based on maintenance history, through systematic and manual analysis, to obtain
good quality data, and then use chi-square test and algorithm analysis to estab-
lish a classification model for decision support. The research department analyzes
and analyzes the 3.5 ton freight vehicle maintenance and repair history of a case
company from 2008–2016. After the data is cleaned and sorted, it obtains 173,693
work orders and good data quality data for 23 types of maintenance items. And
the results show that: the costs contains significant divergence among brands; ser-
vice parts damage is related to particular environment; we can obtain appropriate
service period through proper classification rules. The decision support model
constructed by this study will be improved and integrated with the actual needs of
the industry on the premise of taking into account the quality of data.
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1 Introduction

In recent years, the popularity of Internet has led to the changes of consumption and
the booming of e-commerce, and one of the main causes is commodity delivery which
has derived the enormous business opportunity of freight logistics and the demand for
vehicles, then rise to huge business opportunities in the logistics and freight and demand,
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which has gradually become one of the key development projects of industry in many
countries [10, 16]. As being in the era of big data, the data and information has been
exploded growth of every enterprise. Just as the logistics industry has increased its
demand for vehicles as its business has grown, the maintenance of its vehicles and
the wear and tear of its components have also grown simultaneously. For example,
the Hsinchu Transport company has spent nearly 8 million every month in 2008 for
each type of vehicle maintenance costs [33]. As the core tool of urban logistics is a
vehicle, reducing vehicle maintenance costs and extending the service life are important
issues that the industry needs to resolve. It is a huge and complicate data of vehicle
maintenance, and it is an Operation Focus of an enterprise that how to make sure the
correction and quality of data and mining, analyzing the information and knowledge
behind the data [22] to ensure the vehicle has proper maintenance to maintain the work
effectiveness. Because of the source and quantity of vehicle history andmaintenance data
were generated from different departments in enterprise, so we need effectivemethods to
extract useful information from the complicated and huge data; data mining technology,
which has beenwidely used in analysis of large amounts of data, is especially suitable for
knowledge mining work [6]. And in the relevant researches of logistics transportation,
and the maintenance and replacement rules in different fields were rarely discussed.
With fewer systems and manual methods, after the data is sorted and cleaned, the data
with better data quality will be analyzed and calculated.

Based on this, the purpose of this research is to verify the quality of the data by
using the system and manual methods of the company’s vehicle component repair and
maintenance data. Then use good data to verify whether there are differences in main-
tenance costs between vehicle attributes and brands. And by understanding the rules
of maintenance and replacement in different factories and regions, the diagnosis and
decision-making of predictive maintenance of vehicle components is put forward. In
order to prevent the breakdown of the vehicle during the operation, it can obtain the
optimal maintenance timing. The research framework is as follows: in Sect. 2, the data
quality, data mining and forms of maintenance and other literature will be described;
Sect. 3 is about case study and methodology; Sect. 4 is about the data quality validation
and description of the analysis of each item of data; Sect. 5 is about the discussion about
the aforementioned validation; in last section Sect. 6, the findings and recommendations
obtained in this study will be described.

2 Literature Review

2.1 Data Quality and Data Mining

In the age of wisdom economy and big data, data has become an important source of
growth and development of the government and enterprises, but too much data cannot be
used effectively but become a heavy burden for enterprises and organizations.Therefore,
to convert data into useful information and knowledge as a basis for decision support
reference has been apparently become an important direction of business decisions at
the present time [9]. However, big data sources have a wide range of complex structures.
Data often comes from the interaction and integration of different systems and periods
in the organization; Therefore, the acquired data may have related quality problems
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such as data error, information loss, inconsistency, and noise. Therefore, data cleaning
has become one of the important methods for obtaining high-quality data. The most
important purpose of the so-called data cleaning or quality control is to detect and
eliminate errors, inapplicability and inconsistencies in the data in order to improve its
data quality [22]. However, this method often deletes 20% to 40% of the data. Therefore,
in order to save data, organizations or enterprises often supplement the missing value
in the original data directly through long-term data trends. In practice, this approach
may increase the uncertainty of the data, and even lead to the use of problematic data
or replacement, which may cause doubts about the gap [21]. Therefore, the way data is
cleaned is even more important. Wang et al. [32] proposed that data cleansing can be
divided into four modes: manual execution, writing special applications, data cleansing
that has nothing to do with specific application areas, and solving one type of problem.
This study uses manual data cleanup and other methods to clean up the data.

The good data quality data obtained after cleaning can be used for data mining.
Fayyad et al. [15] proposed the so-called data mining means to have a data analysis
through algorithms, and then to find out a specific pattern or model, which is also the
procedure how to discover knowledge from data base. Berry and Linoff et al. [5] believed
that data mining is to analyze a great amount of data in automated or half-automated
ways and then from which to find out meaningful relationships or rules. To sum up, the
so-called data mining is a method to derive a way of obtaining decision-making relevant
information by analyzing a large number of data [27].And today the datamining has been
widely used in manufacturing, finance, service, medical and marketing and other differ-
ent industries. But when it is used in the field of logistics, such as the aforementioned,
Only a few researches focused on relevant issues about the maintenance of vehicles.
Therefore, this study is to discuss the implementation of the logistics methods of vehicle
maintenance in freight logistics and mainly to build strategic management measures for
the maintenance of vehicle parts so as to get the MTBF (mean time between failures)
which is anticipated to provide vehicle maintenance and management personnel with
the appropriate timing of maintenance and to help establish the foundation supporting
decision-making for the predicted replacement of parts.

2.2 Maintenance Types

In recent years, issues about the maintenance have been widely discussed from var-
ious fields. An appropriate maintenance has been playing an important role in work
performance and cost-effectiveness of the organization, because under the conditions
of increasing the reliability of equipment, to ensure normal manufacturing system pro-
cesses will help enterprise’s overall operating performance [31, 34]. Therefore, proper
and timely maintenance is often regarded as key conditions for enterprises to keep their
competitive advantage, and different forms of maintenance have become key factors
affecting the effectiveness of the maintenance of organization. In general, there are four
types of maintenance: corrective maintenance, preventive maintenance, predictive main-
tenance and proactive maintenance [12]. In the past, companies often used preventive
maintenance to reduce the costs of inspection and maintenance, but if not taking into
account the current state of thewear and tear of equipment components, thismaintenance
could easily lead to burden and waste associated with company’s business costs [34],
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Bousdekis et al. [9] also mentioned that the implementation of preventive maintenance
could result in approximately 60% of equipment which have been replaced too early,
which may lead to the increase on business costs. Therefore, with the development of
industry along with big data, networking and the innovation of information communica-
tion technology, the maintenance has been gradually adjusted to predictive maintenance.
And with the effective predictive maintenance strategy, the results can be used as the
basis for the planning of preventive maintenance period. Thus, this maintenance has
been widely promoted and applied in recent years [28]. To sum up, this study focused
mainly on preventive maintenance to spot out the risk of failure through model and
analysis, and then found out a maintenance period and manner more cost effective and
strengthened and to improve the maintenance strategy to achieve business goals with
limited maintenance resources.

3 Research Method

3.1 Conceptual Framework

Based on the foregoing content and related literature, this study conducts research on the
optimal maintenance replacement cycle for logistics vehicles. First, sort and sort data
and clean up the cargo vehicle properties and component maintenance history of the case
company, analyze and compare the differences before and after, and select appropriate
data quality data tomeet the application and scope. Then carry out narrative statistics and
chi-square test, and verify whether there is a significant difference in maintenance costs
for vehicles of the same property under different circumstances. Subsequently, a model
was established using SPSS software, and a decision support model based on a decision
tree was established to optimize the replacement cycle. Finally, put forward conclusions
and recommendations based on empirical results. See the conceptual framework inFig. 1.

Fig. 1. Conceptual framework
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3.2 Research Object

The case company in this research has been established for over 60 years and its main
business is to provide Taiwan (including Islands) with cargo transportation services,
which is currently one of the top five companies in the logistics industry in Taiwan. At
the aspect of the business, this case company has set up satellite operating stations in
various regions in order to facilitate the service areas of B2B and B2C. At the aspect
of freight delivery, the categories of which include frozen products, frozen goods, food,
household appliances, books, daily necessities, clothing and other diversification of com-
modities. This company currently used the 3.5-ton vehicle as main operating mode in
B2C business model; therefore, it is much longer time when the vehicles are assigned
and used are mostly need to drive between different factories and regions. Therefore, not
just daily routes for vehicles are required to adjusted and planned, but also the degree of
wear and tear of the vehicle parts and their replacement are much more frequent. Based
on all above, this research aimed a total of 750 3.5-ton level freight vehicles of the case
company’s logistics services from 2008 to 2016 (total nine years), A 3.5-ton freight car
used by the case company’s logistics service, with a total of 750 cars (divided into four
brands, represented by CT1, CT2, CT3, and CT4) was used as the research and analy-
sis object. The original vehicle resume and maintenance information totaled 190,053.
However, in order to seek data quality, quality and efficiency, the maintenance and main-
tenance details were processed, converted, classified, and normalized by systematic and
manual methods. Analysis of quality data. Then, the decision of the optimal replacement
cycle of vehicle components is formulated to obtain the appropriate maintenance tim-
ing. According to the actual business types, the factory areas of the case company were
classified into five types: the coastal area, the industrial area, the metropolitan area, the
agricultural area and the comprehensive area. Besides, taking the different geograph-
ical environment of the cases into accounts, vehicle parts would be worn to different
degree, so this study classified the areas of business stations of the case company into
the north, the central, the southern, the eastern and outlying islands areas according to
the classification used by the regional meteorological observations and prediction.

4 Data Analysis and Validation

4.1 Data Cleaning and Quality Analysis

This research is based on 3.5 tons of freight vehicles used in the urban logistics in
this study. A total of 190,053 vehicle resumes and historical maintenance and repair
original data were analyzed. The detailed data sheet records the vehicle registration
information actually repaired by each work order. The classified contents 15 types of
information such as the area, the factory area, and the name of the business office, the
license plate number, the date of issue, the model name, the brand name, the type, year
type, tonnage level, current vehicle condition, maintenance date, vehicle components,
quantity and amount, …etc. The content is to be compatible with the data cleaning and
subsequent analysis. It is divided into four columns: complete, inconsistent (including
format, name, description method, etc.), missing values, and other (including content
errors, incorrect fields). After a unified analysis, the data integrity rate is between 71%
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and 100% (see Table 1). As shown in the Table 1, inconsistent data (8.99%), missing
values (0.02%), and other items (0.03%) account for about 9% of the total data; If the
original data was directly brought into the algorithm analysis, it would not possible to
establish effective models and classification rules due to incomplete data quality. If the
direct deletion method if is used, we will aggregate 32% of parameter (61,428 data) that
contains one of following incompleteness: inconsistencies, missing values, and other.
Although with the direct deletion method applied and obtained high-quality data (only
68% of parameter), but it also caused large loss of historical data that could result in
subsequent analysis and modeling distortion, and furthermore it may result in rules and
decisions error.

Table 1. Vehicle maintenance and repair breakdown classification table (original)

Therefore, in addition to using system analysis, this study attempts to readjust the
data generated by the organization in different periods and systems through manual
operations; First, filter and sort incomplete vehicle maintenance data, then proceed with
data aggregation, conversion, normalization, definitely classify, and define. At the same
time, the classification level of large, medium and small items of vehicle components is
established in order to obtain better data quality data. The operation rules are summarized
as follows:

• In terms of location, pre-adjustment was made based on the final division of business
office area, plant area and name.

• Terms of location: pre-adjustment was made based on the final division of business
office area, plant area and name.
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• Terms of vehicles: the format such as year, type and number is consistent with the
content name.

• Terms of maintenance: in addition to the unified date format, in addition to the names
of vehicle components, experts recommend using similar and synonymous names for
pre-processing of data.

• In connection with the sort of missing value: directly delete to avoid the doubt of data
gap.

After repeated experiments in this study, it was found that the classification model
constructed was the best in terms of the quality and efficiency of the data collected at
the large project level of vehicle components. It took one month to the manual process,
and that is 240 man hours, if we count 8 h per day to implement data quality improve-
ment. Therefore, a total of 173,693 maintenance work orders (93.14%) and 23 types of
vehicle component items were finally summarized and sorted for the subsequent model
construction and system analysis (see Table 2).

Table 2. Vehicle maintenance and repair breakdown table (revised)

4.2 Analysis of Each Vehicle Brand and the Maintenance Costs

At first, we used chi-squared test to see whether there are any significant differences
of the maintenance costs between the vehicles with the same attribute but different
brands. According to the five maintenance costs area as shown in Table 3, the costs of
each vehicle regardless of its brand have concentrated on the range from $176~$335
and among them, CT3 has taken than the highest proportion(45.5%), CT1(31.0%) the
second, CT2(30.7%) the third and CT4 (26.3%) has taken the lowest. The second highest
proportion of range of maintenance costs of each brand is respectively from $336~$619
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(CT1, 26.0%; CT3, 24.2%), and $ 517 or more (CT2, 23.3%) and from $120~$175
(CT4, 26.0%). According to the chi-squared test, some significant differences in the
maintenance costs existed between the vehicles with the same attribute but with different
brands.

Table 3. Data analysis statistical table of vehicle brands and their respective maintenance costs

4.3 Each Factory Replacement Vehicle Parts Analysis

The data mining technology was used in this research to have an inquiry in the optimum
replacement cycle for vehicle parts in particular factory areas of regions. At first, a
statistical data was made from the replacement data of the vehicle parts in each factory,
and after the analysis, the top 5 of in each factory area have accounted for the ratio of the
overall component for maintenance and replacement more than 68%, in which coastal
areas have the highest 93%, and the following are comprehensive areas 88%, agricultural
areas 79% industrial areas 74% and metropolitan areas 68%. Among these areas, the
item of the most common maintenance in coastal areas is the switch the wiring which
accounts for 31% (3,710 times); in metropolitan and comprehensive areas are general
maintenance which reaches 39% (23,809 data) and 25% (13,098 data); in industrial and
agricultural areas are general repair which reaches 32% (5,800 data) and 27% (4,361
data). The replacement of vehicle parts is as shown in Table 4.

Different areas may lead to differences in the usage of logistics vehicles, so this
study has also taken Taiwan’s geographical characteristics into consideration (divided
into northern, central, southern, eastern and outlying island regions), in order to have
an inquiry in the relation of the replacement for vehicle parts between different vehicle
brands and different areas. Based on all above, in the study we have found that (as
shown in Table 5), in coastal, metropolitan and industrial areas, these two brands CT1
and CT2 in the northern, central and southern regions have accounted for the higher
proportion of the maintenance; in agricultural areas, these two brands CT1 and CT2
in the central, southern and eastern regions have accounted for the higher proportion
of the maintenance; in the comprehensive areas, these two brands CT1 and CT2 have
accounted for the higher proportion of the maintenance in the central and the southern
regions. To sum up, although the two brands CT1 and CT2 have always accounted for
the highest proportion of the times of vehicle maintenance, there are partial differences
when they are in different regions.
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Table 4. Table of replacement times of vehicle parts in each factory area (Top 5)

*Remark: the percentage is the number of maintenance times of the vehicle component item in 
the factory area/the total number of maintenance times of vehicle parts in the factory area; the 
number in ( ) is the number of maintenance times of the vehicle component item. 

Table 5. Maintenance statistical analysis table of vehicle brands in different areas

4.4 Vehicle Component Classification Model and Performance Assessment
Analysis

According to the classification rules for vehicle parts of each factory area analyzed
through the model established with the decision tree, 663 rules are listed with the statis-
tical classification (64 in coastal areas, 132 in industrial areas, 127 in metropolitan areas,
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150 in agricultural areas and 190 in comprehensive areas). Excerpts from this study that
meet the higher probability of occurrence in each field are as follows:

• Rule 1: If the business station is the coastal areas and located in the northern region, the
vehicle brand is CT2, the replacement time is longer than 103.5 months but equal to or
shorter than 103.6months, 85.7% of the possibility is to perform general maintenance.

• Rule 2: If the business station is the industrial area and located in the southern region,
the vehicle brand is CT2, the replacement time is longer than 108.6 months but
equal to or shorter than 109.0 months, 85.7% of the possibility is to perform general
maintenance.

• Rule 3: If the business station is the metropolitan area and located in the southern
region, the vehicle brand is CT1, the replacement time is longer than 107.7 months
but equal to or shorter than 107.8 months, 87.5% of the possibility is to repair air
conditioning system.

• Rule 4: If the business station is the agricultural area and located in the central region,
the vehicle brand is CT1, the replacement time is longer than 85.3 months but equal to
or shorter than 85.4months, 92.9%of the possibility is to perform3-stage disassembly.

• Rule 5: If the business station is the comprehensive area and located in the central
region, the vehicle brand is CT1, the replacement time is longer than 136.2 months but
equal to or shorter than 136.3 months, 90.9% of the possibility is to perform 3-stage
disassembly.

5 Discussion

Vehicle parts in this study the construction of predictive maintenance decision model,
through the Department of digging a lot of maintenance records, And after data cleaning,
to obtain data of appropriate data quality, after research and analysis, the results of
maintenance costs for different brands, chi-square inspection, component classification
rules, and test data set classification performance were obtained, itemized description
as follows:

Terms of Data Quality and Data Scrubbing: Good data quality must possess char-
acteristics such as consistency, correctness, and completeness [2]. Data scrubbing is to
remove dirty data and improve its data quality. Although the industry has many tools for
data extraction, transformation, and installation, but lacks industry expertise and scal-
ability applications [18]. Based on this, this study found that if didn’t scrubbing dirty
data from the original data as follow: inconsistent data, missing values, and other, it will
not be applicate efficiently. And if the direct deletion method is adopted, the amount of
data will be reduced by 61,428, which may lead to distortion of model construction and
wrong analysis and decision. Therefore, in this study, a systematic and manual job anal-
ysis method was adopted, and also implements relevant expert expertise to data cleaning
and sorting operations, which took approximately 240 man hours to process, and after
integration, 173,693 suitable data quality data (data totals) were obtained. (Amount
93.14%). On the whole, in the modern era of rapid development of artificial intelligence,
the use of workers’ wisdom in research methods highlights the fact that enterprises are
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prolific in organizing data in different systems and periods, coupled with different pro-
fessional knowledge in various industries. Effective use, most small and medium-sized
enterprises, even large organizations, can only adopt the original operation mode, plus
the current calculation, analysis, and operationmode, and carry out analysis and research
in order to obtain core wisdom and give full play to data. Therefore, in the future, the
industry can partially update the system and perform professional manpower operations,
which will effectively use the data quality data obtained, and save labor costs and obtain
data benefits.

The Vehicle Brands and the Maintenance Costs: Chernatony and McWilliam et al.
[11] considered that the brand is consistent with the commitment to quality and also
serves as a support for making a purchase decision. Owning the vehicles with reliable
performance will be able to save considerable maintenance costs for the enterprise. In
this study,we found that there is a significant difference betweenmaintenance costs of the
vehicles with the same attribute but not the same brands, On the whole, the maintenance
costs of freight logistics vehicles mainly are concentrated on these three ranges $176–
$335 (31%), 336–$619 (21%) and $620 ormore (20%),which have accounted for 72%of
the proportion of overallmaintenance times,which shows that the highmaintenance costs
account for the most proportion of the overall maintenance costs in the case company so
there is still more for improvement and review. As far as the brands are concerned, the
main maintenance costs of CT1 and CT3 are mostly in the third and the fourth ranges,
accounting for respectively 51.6% and 69% of the overall maintenance times, which
shows that the maintenance costs of these two brands in the company belong to the
medium or higher price; CT2 are mostly in the third and the fifth ranges, accounting for
54% of the overall maintenance times, which shows that the maintenance cost of this
brand in the company belongs to the high price; CT4 are mostly in the second and the
third ranges, accounting for 50% of the overall maintenance times, which shows that the
maintenance cost of this brand in the company belongs to the medium or lower price.
On the whole, the comprehensive analysis above has showed that there is a significant
difference of the amount ofmaintenance between the vehicle brands of the case company
and the sequence of the maintenance costs of the vehicle brands from high to low is
respectively CT2, CT1, CT3 and CT4. Based on this, the organization can review the
number, the service life and the dispatch frequency and other performance in the future
through the costs and the frequency of the maintenance so as to achieving the purpose
of saving maintenance costs and increasing the efficiency of transportation.

The Replacement of Vehicle Parts in Each Factory Area: Generally speaking, in
order to prevent the wear, deformation or damage of vehicle parts from leading to prob-
lems and concerns the service, which may result in issues about safety and customer
complaints and other issues, the general preventive maintenance, repair and other oper-
ating items are often scheduled. In this study, we have found that due to the complete
government regulations and investment and construction planning, the industrial areas
(Industrial parks) have the better and flatter regional roads and customers are more con-
centrated and thereby the general preventive maintenance and repair and other needs for
replacing component are relatively lower (general repair accounted for only 27%); the
general maintenance and the general repair and other maintenance items in other areas
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are listed in the replacement of main components accounting for more than 45% (47% in
the coastal areas, 49% in the metropolitan areas, 57% in the agricultural areas and 58%
in the comprehensive areas), which has revealed that in order to save the replacement
material effectively and to reduce the maintenance costs, the company should take the
general maintenance and repair aa the main contents for review and adjustment. And
in the coastal areas, because the vehicles were running on the coastal areas with rel-
atively high salinity and humidity, in addition to the general maintenance and repair,
switch wiring (31%) has accounted for more than 30% of the replacement needs for
components, which has revealed that in the coastal areas, the company should pay more
attention to the maintenance against the rust damage and influences on the vehicles due
to the salinity and the humidity. And about the maintenance times of vehicles, we have
found out that in each factory and area, if taking the brands into consideration, CT1 and
CT2 vehicle had higher proportion of maintenance and repair, in which especially the
maintenance data of the freight vehicles CT1 in the central metropolitan areas (74.70%),
in the southern agricultural areas (75.18%) and in the southern comprehensive areas
(70.75%) and other regions were higher than 70%, which has revealed that the mainte-
nance of CT1 was mainly concentrated in the central and southern regions, but which
of CT4 was primarily concentrated in the northern comprehensive areas.

Vehicle Parts Classification Model: In this study, we followed the decision tree to
analyze and took the areas, factory areas, brands, items, possibility, cycle and other key
elements about replacement of vehicle parts into consideration so as to construct an
optimal decision support model. In thus study, we have found that the often damages of
freight logistics vehicle parts in specific factory areas and regions are related to eachother.
According to the predictive replacement model, we can obtain the rules and probability
of maintenance and replacement in different factory area and different regions. Based
on the Decision Support Model, we have constructed a total of 663 classification rules
combined with the aforementioned research analysis of vehicle brands, maintenance
costs and replacement of vehicle parts to propose the main rules for maintenance and
repair. The brands CT1 and CT2 were found to be majority; with the classification
in each factory area and region and in comparison with replacement times of vehicle
parts, we have found out that the replacement probability of components is higher than
60%, partially more than 90%, which has showed the classification rules through the
decision-makingmodel can effectively improve the replacement benefits of vehicle parts.

In summary, in the past, only a few researches were made about predictive vehicle
parts replacement decision support for the freight logistics vehicle parts. This study has
particularly focused on the maintenance data for all 3.5 ton level freight vehicles to
discuss about the rules for maintenance and replacement of vehicle parts then to conduct
the data analysis. At the same time, according to the study and analysis of the results of
the classification rules, we have verified that the vehicle parts of some particular brands
in some specific regions and factory areas were often damaged and in bad condition. The
decision support model developed will help the company to establish a reference for the
company to create a decision support model to build a predictive optimal replacement
cycle. In practice it will help the case company to acquire the appropriate maintenance
timing for vehicle parts and the appropriate maintenance frequency as well, and thereby
to reduce the maintenance costs and to solve the problem about library reserve stock of
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vehicle parts, in order to ensure the best condition of operating vehicles and to improve
their management and maintenance; on the other hand, it can help the company to
determine if the company should continue to maintain these vehicles or scrap the old
vehicles or purchase new vehicles, etc., and can clarify the condition that specific vehicle
parts in the business station of the case company are often damaged in different factory
areas and different regions. On thewhole, the study results can help vehiclemanagers and
technicians to obtain maintenance experience; moreover, with the knowledge sharing
and storage, the company will be able to solve the problems about uneven quality of
maintenance and about technicians’ insufficient maintenance ability. With the decision
support for an optimum replacement cycle of vehicle parts, the organization can save
the costs related to maintenance.

6 Conclusion and Suggestions

With the growing of economy, the logistics industry has been committed to achieving the
“Last mile” like physical transportation and distribution services, which is the important
connotation of supply chain activities [30]. Therefore, the competitiveness among the
logistics industries has become very fierce, so the poor efficiency of goods distribution
will represent resources wastes and the weak competitiveness. Only a few researches
were made about predictive vehicle parts replacement decision support for the freight
logistics vehicle parts. The case company in this study accounted for one of top five
proportion of Taiwanese freight logistics market share. Use its complete vehicle main-
tenance information to obtain good data quality data through system and manual data
cleaning methods, And combined with data mining classification methods for analysis,
and then according to the classification rules and the analysis results to verify that the
vehicle parts in some specific regions and factory areas were often damaged and in bad
condition when being maintained or replaced. The decision support model developed
in this study will help the company to establish a reference for the company to create a
decision support model to build a predictive optimal replacement cycle. This will help
the organization to acquire the appropriate maintenance timing for vehicle parts and to
confirm the appropriate maintenance frequency, it has also taken the corporate business
model into account to provide vehicle maintenance technicians andmanagement person-
nel maintenance knowledge and ability which are different from the previous standard
of care standards or don’t only rely on rules of thumb. Therefore, through this study,
the company can reduce the maintenance costs and to solve the problem about library
reserve stock of vehicle parts, in order to ensure the best condition of operating vehicles
and to improve their management and maintenance. On the other hand, it can help the
company to determine if the company should continue to maintain these vehicles or
scrap the old vehicles or purchase new vehicles or other decisions.

According to the study, we have found out that there are some significant differ-
ences of maintenance costs between the vehicles of the case company with the same
attribute but different brands; the vehicle parts of some particular brands in some spe-
cific regions and factory areas were often damaged and in bad condition. The decision
support model developed in this study will help the company to establish a reference for
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the company to create a decision support model to build a predictive optimal replace-
ment cycle. On thewhole, the study results can help supervisors and technicians to obtain
maintenance experience; moreover, with the knowledge sharing and storage, the com-
pany will be able to solve the problems about uneven quality of maintenance and about
technicians’ insufficient maintenance ability. Meanwhile, with the decision support for
the optimum replacement cycle of vehicle parts. In addition, through the data quality
cleanup operation, we can learn that the company’s data can be used to complete the
uniform, standardized and unified use of the system platform interface, in addition to
saving labor and operation costs, and can effectively use high-performance data quality
management methods, so that the data generated within the organization can be fully
utilized to achieve comprehensive results, and then achieve business optimization, cost
energy efficiency and utility optimization of corporate goals, so as to achieve enhanced
competitive advantage To ensure the goal of sustainable operation. In summary, in the
future we can develop a more appropriate predictive replacement model of the vehicle
parts combined with the model of freight vehicles with different types and tonnages
level, the drivers’ driving habits, the vehicle running state and other information.
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