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Operational efficiency is significant for the comprehensive competitiveness of a port. In this study, we use a principal component
analysis-data envelopment analysis (PCA-DEA) integrated model to evaluate the operational efficiency of iron ore logistics at the
ports of Bohai Bay, China.The key indicators and systematic framework are established for logistics efficiency research.We consider
the PCA-DEA integrated model as a practical tool for evaluating and analyzing the relative efficiency of the iron ore logistics of
each port in that area. The proposed method consists of a two-stage research and analysis that begins with PCA. In the first stage,
we use PCA to obtain 6 synthetic indicators, including 4 input indicators and 2 output indicators, from 15 original indicators. In
the second stage, the standard DEA approach is used with the specific synthetic indicators. The evaluation results of the selected
ports from the integrated PCA-DEA model are compared and discussed. The comparison of the evaluation results indicates that
the PCA-DEAmodel provides a practical and powerful tool for the investigation of the port logistics problem.With this integrated
model, a comparison analysis and further research into the iron ore logistics efficiency of different ports in the area are presented.
Finally, discussions and suggestions are provided.

1. Introduction

China’s rapid urbanization process has empowered its infras-
tructure construction and triggered the need for strategic
materials, such as iron ore and steel. In recent years, the
exported quantity and port throughput of iron ores in China
have constantly increased. Iron ore logistics in coastal ports
has become an important part of port development.The ports
of Bohai Bay serve as the pivotal base for the transport and
handling of iron ore in China. The annual throughput of
iron ore accounts for over 60% of the total throughput of
China. As the contradiction of demand and supply of iron ore
and the cost awareness of enterprises on logistics intensify,
iron ore has become an increasingly important commodity
at the ports of Bohai Bay, China. The competition in iron ore
transport and logistics services among the ports of Bohai Bay

is escalating. The evaluation of iron ore logistics in each port
and the increase in logistics efficiency are the major pathways
to improve the iron ore logistics service and to enhance the
competitiveness of the ports.

Port efficiency evaluation aims to promote the develop-
ment of ports and enhance their performance competitive-
ness. As for the iron ore port logistics management, efficiency
evaluation is not only a powerful tool for port authorities
to improve port management performance but also a use-
ful approach for the government to gain very important
information on iron ore port planning and development.
The purpose of this paper is to introduce an extension to
operational efficiency evaluation problem in port industry,
namely, operational efficiency evaluation of iron ore logistics
of ports, to propose an integrated mathematical model of
principal component analysis (PCA) and data envelopment
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analysis (DEA) for this kind of evaluation research work and
to evaluate the model by the means of an empirical study of
the main ports of Bohai Bay in China.

The rest of this paper is structured as follows. Section 2
contains a description of relevant, existing literature. In
Section 3, evaluation indicators and evaluation model are
described. Specific empirical study on the evaluation of the
operational efficiency of the iron ore logistics in Bohai Bay in
China is carried out in Section 4. Section 5 concludes.

2. Literature Review

The study on port efficiency can be dated back to the
1980s with the use of one or several indicators. With regard
to the development performance of ports and relevant
regions, many studies have been conducted using different
methods and perspectives. The methods for evaluating the
development performance of ports and relevant regions are
divided into nonparametric or parametric.The representative
nonparametric method is the data envelopment analysis
(DEA). Depending on their needs, scholars can select various
input and output indicators from different aspects. The
model for the evaluation of port operational efficiency is
constructed, and different ports are used for the evaluation.
Roll and Hayuth used DEA approach as a tool to evaluate
port performance and the model was demonstrated by a
hypothetical numerical example where the performances
of 20 ports are compared [1]. Different ports and their
efficiencies have been compared and Tongzon selected some
typical Australian and other international ports for efficiency
measurement using data envelopment analysis [2]. In order to
incorporate different port efficiency measures, some scholars
used principal component analysis (PCA) [3]. Tongzon and
Heng applied a stochastic frontier model to investigate the
quantitative relationship between port ownership structure
and port efficiency [4]. Wu and Lin conducted revealed
comparative advantage (RCA) analysis to investigate India’s
logistics competitiveness and used data envelopment analysis
(DEA) to analyze the efficiency of India’s container port
operations [5]. To improve the application of DEA model
in efficiency evaluation, some scholars made special empha-
sis on the input and output factors selected in the DEA
models employed in different fields or port areas [6, 7].
Cullinane et al. introduced the time factor into the port
efficiency evaluation model. Using panel data, the main
container ports in the world were selected as samples to
analyze relative efficiency [8]. Chen et al. investigated the
spatial distribution characteristics and formationmechanism
of the port service industry in Guangzhou. The location
factor of logistics efficiency in the port service industry was
discussed [9]. Wang and Ducruet synthesized the theoretical
models of Hayuth and Notterboom to study the evolutionary
mechanism of a container port system and the different
phases of port logistics development [10]. Liang et al. used
the data of port logistics enterprises in Shanghai. Methods
such as geographic information system spatial analysis and
mathematical statistics were utilized to observe the spatial
pattern and evolution of port logistics enterprises and to

identify the key influence factors [11]. Lan et al. used the
DEA-Malmquist total factor productivity index to evaluate
the dynamic efficiency of the main coastal ports in Chinese
mainland, Taiwan, Hong Kong, and Macao. The competitive
status and potentials of different harbors were compared
[12]. Using the DEA method, Sun and Xiao compared the
relative economic operational efficiency of ports in the 11
coastal provinces of China for one specific year and proposed
suggestions for the sustainable development of the port
economy [13]. Tan et al. used the port logistics efficiency
indicator system for the analysis of port logistics efficiency
in Liaoning Province during 2001–2009. By establishing the
indicator system for the coordinated development between
port logistics and hinterland economy, they calculated the
coordination degree between port logistics and hinterland
economy in 2002–2009, with 2001 as the base year [14]. Li
et al. introduced the DEA-based binary relative evaluation
model into the measurement of port logistics efficiency.
Taking the production efficiency and 𝑋-efficiency as basis,
they proposed the model for estimating comprehensive port
logistics efficiency [15]. Lee et al. used slacks-based data
envelopment analysis model to assess the environmental
efficiency of port cities [16]. Yuen et al. investigated how
the involvement of foreign and local ownerships, intra- and
interport competition, and hinterland affects the container
terminal efficiency in China and its neighboring countries
[17]. Pjevčević et al. applied DEA method in measuring and
analyzing the efficiencies of ports on the river Danube. DEA
window analysis was used to determine the efficiency of ports
and to observe the possibility of changes in the port efficiency
over time [18].

The parametric method for port efficiency evaluation is
mainly stochastic frontier analysis (SFA), which calculates the
deviation degree of sample ports from the port of efficiency
frontier to estimate port efficiency. In fact, the port of
efficiency frontier does not actually exist but is called so
because it is the optimal efficiency used to compare other
ports. The port of efficiency frontier varies with different sets
of port samples. Aigner et al. proposed an SFA for perfor-
mance measurement, which lays the theoretical foundation
for further development. The stochastic frontier method can
be conveniently applied in many fields [19]. Relevant scholars
have used this method for port efficiency evaluation [20–
25]. As a typical parametric method, the SFA considers the
errors caused by statistics and observations. However, the
presumed frontier function has certain subjectivity [26]. The
evaluation indicators are uncertain in either the parametric or
the nonparametric method for port performance evaluation.
An inconsistency among statistical evaluation indicators of
different ports may also be observed [24]. In recent years,
several multiattribute decision-making methods have been
adopted for port efficiency or performance evaluation; these
methods include fuzzy analytical hierarchy process, quality
function deployment, and fuzzy analytic network process
[27–31]. Although these methods are flexible and easy to use,
the appropriate evaluation indicators are difficult to design,
and the interference between indicators may be considerable.

As a nonparametric method, the DEA has been exten-
sively applied in port efficiency evaluation despite its defects.
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Thus, the evaluation method for real applications should be
selected depending on the conditions and sample data [32].
The DEA method cannot compare the units of technology
efficiency. Considering the effect of stochastic factors on the
system, the technology efficiency of the DEA method can be
significantly affected when an anomaly exists in the samples.
The defects of the DEAmethod have been addressed through
a number of improvements that fit the specific applications
or through the combination of other methods. Simões and
Marques evaluated the performance of a set of European
seaports bymeans of robust nonparametric approaches using
order-m and bootstrap procedures [30]. Carvalho et al.
presented themajor features of Iberian seaports, analyze their
governance model, and evaluate their inefficiency based on
the nonparametric frontier technique of data envelopment
analysis (DEA) and on a bootstrap resampling method [33].
In some cases, a completely different method is used to
replace the DEA method. Al-Eraqi et al. used the DEA
decomposition of the Malmquist index as an improvement
of the DEA model to evaluate port efficiency [34]. Lee et al.
established an improved RDEA method to rank a range of
container ports by efficiency. This ranking was used as basis
in the identification of countermeasures for enhancing port
efficiency [35]. Wan et al. implemented a two-stage approach
of DEA and Tobit regression. First, the container port
efficiencywasmeasured by data envelopment analysis (DEA).
Then, Tobit regression analysis was undertaken to explore the
relationship between DEA scores and ground transportation
conditions [36]. Jiang et al. introduced the strongly efficient
frontier (SEF) and strongly inefficient frontier (SIF) and
then proposed several models to calculate various distances
between DMUs and both frontiers [37].

DEA was a very useful method to evaluate port and
logistics efficiency. However, due to the mutual interference
of the evaluation index, the application of DEA method is
limited. Therefore, scholars have actively improved the DEA
method, eliminating themutual interference of the evaluation
index. With a focus on the defects of the DEA method,
scholars usually use the principal component analysis (PCA)
in combination with the DEA method for efficiency eval-
uation. In this manner, the interference between indicators
is expected to be removed [38, 39]. In the present study,
we adopt the integrated PCA-DEA model to evaluate the
operational efficiency of iron ore logistics at the ports of Bohai
Bay.The integrated model fully utilizes the advantage of PCA
in extracting characteristic indicators. By overcomingmutual
interferences between the indicators and transforming mul-
tiple indicators into a few synthetic indicators, the integrated
model fulfills the function of theDEAmodel in the evaluation
of the relative efficiency of the decision-making unit (DMU).

3. Evaluation Indicators and Evaluation Model

3.1. Evaluation Indicator System. A port logistics system
has a complex intrinsic structure. The evaluation indicators
constitute a system with intrinsic connections. Many factors
influence the operational efficiency of the iron ore logistics
of ports. Typical factors include the natural conditions of

the port, infrastructures related to iron ore logistics, scale
and capacity of the iron ore logistics service, and iron ore
collection and distribution system.

The natural conditions of a port are the preconditions
for the iron ore logistics operation of the port. Serving
as the basic operation conditions for the iron ore logistics
system, the natural conditions ensure that ships can enter
and depart conveniently. The major indicators in this aspect
are the water depth of the navigation channel, width of the
main navigation channel, and water depth at the berth. The
infrastructures related to iron ore logistics service reflect
the hardware and service capacities of a port in iron ore
logistics operation. Infrastructures related to iron ore logistics
service are directly related to the actual production capacity
and development potential of the iron ore logistics of the
port. The indicators in this aspect include the total length
of the berth, number of berths, area of the iron ore storage
yard, and number of iron ore loading machines. The scale
and capacity of iron ore logistics service are the core of
iron ore logistics activities and performance. This factor
can be used to evaluate the effect of the iron ore logistics
business of a port. The capacity and efficiency of the iron
ore logistics of a port are largely determined by this aspect.
The relevant indicators include iron ore carrying capacity,
iron ore throughput, and growth of iron ore throughput. The
iron ore collection and distribution capacity of a port reflects
the ability of the port to coordinate loading and unloading
operations, centralization, and commodity distribution. The
capacity in this field directly influences the iron ore logistics
efficiency of the port. The relevant indicators include the
length of the railway line in the port, ship-loading efficiency
of a single iron ore line, and iron ore unloading efficiency.

The aforementioned influence factors and relevant indi-
cators are summarized. The factors that have an impact on
the iron ore ports of China and iron ore logistics efficiency are
considered. The input and output attributes of the indicators
are taken into account to determine the evaluation system
for the indicators of the operational efficiency of the iron ore
logistics at the ports of Bohai Bay, China (see Table 1). The
original data of the influence factors and relevant indicators
can be got from China Port Yearbook and China Statistical
Yearbook.

3.2. Evaluation Method. PCA is aimed at reducing dimen-
sionality and transforming multiple indicators into few syn-
thetic indicators. This method can eliminate the correlations
among the indicator samples. The representative indicators
are extracted under the premise of preserving the key infor-
mation of the samples. In the analytic process, the weights
of the major indicators are calculated, and the principal
components are taken as the values of the synthetic indicators
of the DMU [38]. If only the DEA method is adopted
in the iron ore logistics efficiency evaluation of the ports,
then the design of the evaluation indicators will significantly
affect the evaluation results. The iron ore logistics efficiency
evaluation involves several indicators, and weighing between
the number and independence of the indicators is difficult.
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Table 1: Evaluation system for the indicators of the operational efficiency of the iron ore logistics at the ports of Bohai Bay, China.

Primary indicator Secondary indicator Properties and symbols
of the indicators

Natural conditions of the
ports

Water depth of the navigation channel Input indicator𝑋
1

Width of the main navigation channel Input indicator𝑋
2

Average water depth of the berth Input indicator𝑋
3

Infrastructures related to
iron ore logistics service

Total length of the berth Input indicator𝑋
4

Number of berths Input indicator𝑋
5

Number of berths of over 150,000 tons Input indicator𝑋
6

Area of the iron ore storage yard Input indicator𝑋
8

Volume of the iron ore stock Input indicator𝑋
9

Number of loading and unloading machines Input indicator𝑋
11

Scale and capacity of the
iron ore logistics services of
the port

Designed iron ore carrying capacity Input indicator𝑋
7

Iron ore throughput Output indicator 𝑌
1

Growth of iron ore throughput Output indicator 𝑌
2

Iron ore collection and
distribution capacity

Length of the railway line in the port Input indicator𝑋
10

Ship-loading efficiency of a single iron ore line Output indicator 𝑌
3

Iron ore unloading efficiency Output indicator 𝑌
4
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Figure 1: Procedures of the PCA-DEA evaluation of the operational efficiency of the iron ore logistics at the ports of Bohai Bay, China.

PCA can reduce the dimensionality of the correlated original
evaluation indicators through linear transformation while
minimizing the information loss. The original multidimen-
sional variables are replaced by several synthetic variables
that are mutually independent. In this manner, the subjec-
tivity of and the interference from the original indicators can
be reduced.Therefore, the input and output indicators for the
DEA method are mutually independent synthetic indicators.
This property ensures the objectivity and accuracy of the
evaluation results. In this study, the integrated PCA-DEA
model is adopted to evaluate the operational efficiency of the
iron ore logistics at the ports of Bohai Bay, China [39]. The
evaluation framework is shown in Figure 1.

3.2.1. Steps of the Evaluation Using the PCA-DEA Model. The
PCA and DEAmethods are combined to form the integrated
model used to evaluate the operational efficiency of the iron
ore logistics at the ports of Bohai Bay. First, feature extraction
is conducted for the original indicators using the PCA
submodel. The indicators with large weight-to-port logistics
efficiency are screened. The indicators obtained by feature
extraction are the input and output indicators of the DEA
model, which is mainly used to improve the unreasonable
input and output indicators [39]. The procedures for the
efficiency evaluation using the PCA-DEA integrated model
are as follows.

(1) Normalization of the original indicators.
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Suppose the existence of 𝑛 samples, each of which
contains 𝑝 variables. An (𝑛 × 𝑝)th-order data matrix is then
formed and expressed as follows:

𝑋 =

[
[
[
[
[
[
[

[

𝑋
11
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⋅ ⋅ ⋅ 𝑋
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]
]

]

,

that is, 𝑋 = (𝑋
𝑖𝑗
) , 𝑖 = 1, 2, . . . , 𝑛; 𝑗 = 1, 2, . . . , 𝑝.

(1)

The normalization of the indicator data can remove the
influence of dimensionality on the different indicators. The
normalization formula is written as

𝑋
∗

𝑖𝑗
=

𝑋
𝑖𝑗
− 𝑋
𝑗

𝛿
𝑗

, (2)

where 𝑋
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𝑖=1
𝑋
𝑖𝑗
is the sample mean and 𝛿
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𝑗
)
2 is the sample variance.

(2) The matrix 𝑅 of the correlation coefficients of the
samples is established based on the indicator data. The char-
acteristic value and characteristic vector of 𝑅 are calculated.
Consider

𝑅 =

[
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where 𝑟
𝑖𝑗

(𝑖, 𝑗 = 1, 2, . . . , 𝑝) is the correlation coefficient
between the original variables 𝑥

𝑖
and 𝑥

𝑗
. 𝑅 is the real

symmetric matrix; that is, 𝑟
𝑖𝑗

= 𝑟
𝑗𝑖
. Only the upper or lower

triangular elements can be calculated using the following
formula:

𝑟
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The characteristic equation |𝜆𝐼 − 𝑅| = 0 is solved. The
characteristic values obtained are ranked by magnitude: 𝜆

1
≥

𝜆
2

≥ ⋅ ⋅ ⋅ ≥ 𝜆
𝑝

≥ 0. Then, the characteristic vector 𝑙
𝑖
(𝑖 =

1, 2, . . . , 𝑝) corresponding to the characteristic value 𝜆
𝑖
is

calculated. The calculation requires that ‖𝑙
𝑖
‖ = 1; that is,

∑
𝑝

𝑗=1
𝑙
2

𝑖𝑗
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𝑖𝑗
is the 𝑗th component of vector 𝑙

𝑖
.

(3) The contribution rate of each principal component
and accumulative contribution rate are calculated.

The formula of the contribution rate is
𝜆
𝑖

∑
𝑝

𝑘=1
𝜆
𝑘

(𝑖 = 1, 2, . . . , 𝑝) . (5)

The formula of the accumulative contribution rate is

∑
𝑖

𝑘=1
𝜆
𝑘

∑
𝑝

𝑘=1
𝜆
𝑘

(𝑖 = 1, 2, . . . , 𝑝) . (6)

The first, second, and𝑚th (𝑚 ≤ 𝑝) principal components
corresponding to the characteristic values 𝜆

1
, 𝜆
2
, . . . , 𝜆

𝑚
with

an accumulative contribution rate of approximately 85% are
selected.

(4) For the analysis of the principal components, the
relatively important indicators for the evaluation of the iron
ore logistics of the ports are selected. These indicators are
the input and output indicators to be used in the DEA
model. Given that the input and output values of the DEA
model should not be negative, 𝑒 (≈2.7183) is used as the
base number, and power transform is conducted on the
PCA results. As such, all the input and output indicators are
positive.

(5)Thedata on the principal components of the indicators
are introduced into the C2R-DEA model. The optimal solu-
tions 𝜃0, 𝜆0

𝑗
, 𝑆0−
𝑖
, and 𝑆

0+

𝑟
are solved. Based on the solutions of

theDEAmodel, the relative, scale, and technology efficiencies
of the iron ore logistics operation of the ports are calculated.
The units that fail to reach the DEA efficiency should be
regulated.

3.2.2. Analysis Based on the DEA Method. After the PCA
of the indicators of the operational efficiency of iron ore
logistics, the principal indicators are formed into synthetic
indicators, which are then subjected to the DEA method.
DEA is a tool for evaluating the relative efficiency of the
performance of similar schemes based on linear program-
ming. Grounded in the concept of relative efficiency, the
DEA method is especially suitable for the relative efficiency
evaluation of DMUs involving multiple input and output
indicators [40].

Suppose that 𝑛 DMUs exist. The synthetic indicator is
composed of 𝑠 input indicators and 𝑡 output indicators. That
is, each DMU has 𝑠 types of input indicators and 𝑡 types of
output indicators denoted by𝑋

𝑗
and 𝑌

𝑗
, respectively:

𝑋
𝑗
= (𝑋
1𝑗
, 𝑋
2𝑗
, . . . , 𝑋

𝑠𝑗
)
𝑇

,

𝑌
𝑗
= (𝑌
1𝑗
, 𝑌
2𝑗
, . . . , 𝑌

𝑡𝑗
)
𝑇

,

(7)

where 𝑋
𝑖𝑗
≥ 0 is the 𝑗th type of the input quantity of the 𝑗th

DMU 𝐷𝑀𝑈
𝑗
; 𝑌
𝑟𝑗

≥ 0 is the 𝑗th type of the output quantity
of the 𝑗th DMU 𝐷𝑀𝑈

𝑗
; 𝑖 = 1, 2, . . . , 𝑠, 𝑟 = 1, 2, . . . , 𝑡, 𝑗 =

1, 2, . . . , 𝑛. For 𝐷𝑀𝑈
𝑗0
, 𝑋
0
= 𝑋
𝑗0
, 𝑌
0
= 𝑌
𝑗0
, and 𝑗

0
∈ [1, 𝑛].

TheC2R-DEAmodel (𝐷𝜀C2R), which was proposed by Cooper
et al. and has a non-Archimedean infinitesimal quantity 𝜀, is
used [40, 41]. One has

Min[𝜃 − 𝜀(

𝑠

∑
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𝑆
−

𝑖
+

𝑡

∑

𝑟=1

𝑆
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𝑟
)]

𝑛

∑
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𝑥
𝑖𝑗
𝜆
𝑗
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−
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𝑖𝑗0

= 0, 𝑖 = 1, 2, . . . , 𝑠,

𝑛

∑

𝑗=1

𝑦
𝑟𝑗
𝜆
𝑗
− 𝑆
+

𝑟
= 𝑦
𝑟𝑗0

, 𝑟 = 1, 2, . . . , 𝑡,
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𝜆
𝑗
≥ 0, 𝑗 = 1, 2, . . . , 𝑛,

𝑆
−

𝑖
≥ 0, 𝑖 = 1, 2, . . . , 𝑠,

𝑆
+

𝑟
≥ 0, 𝑟 = 1, 2, . . . , 𝑡,

(8)

where 𝜆
𝑗
is the weight and 𝑆

−

𝑖
and 𝑆

+

𝑟
are the slack variables

of the input and output, respectively. The positive number
𝜀 results in the optimal solution 𝜃

0. 𝜆0
𝑗
(𝑗 = 1, 2, . . . , 𝑛) of

the 𝐷C2R model satisfies 𝜃
0

= 1, 𝑆
0−

𝑖
= 0, and 𝑆

0+

𝑟
=

0. Then, 𝐷𝑀𝑈
𝑗0

reaches the DEA efficiency. 𝜀 = 10
−6 is

considered during calculation. The optimal solution to the
linear programming model is solved as 𝜃

0, 𝜆0
𝑗
, 𝑆0−
𝑖
, and 𝑆

0+

𝑟
.

DEA efficiency and its economic significance are analyzed
based on the values of the solution. We determine whether
the logistics operation of the port has technology and scale
efficiencies. The following conclusions are obtained [40].

(1) If 𝜃0 = 1, 𝑆0−
𝑖

= 0, and 𝑆
0+

𝑟
= 0, then the DMU𝐷𝑀𝑈

𝑗0

has DEA efficiency. Moreover, the logistics activity of DMU
𝐷𝑀𝑈

𝑗0
has technology and scale efficiencies. The resources

are fully utilized, and the input elements have the optimal
combination. Thus, the maximum output effect is achieved.

(2) If 𝜃
0

= 1 and the slack variable of either input or
output is larger than 0, that is, 𝑆0−

𝑖
> 0 or 𝑆

0+

𝑟
> 0, then the

DMU 𝐷𝑀𝑈
𝑗0
has weak DEA efficiency. At this point, DMU

𝐷𝑀𝑈
𝑗0

does not have technology and scale efficiencies
simultaneously. If 𝑆0−

𝑖
> 0, then the 𝑖th type of the input indi-

cator 𝑆
0−

𝑖
is not fully utilized. If 𝑆0+

𝑟
> 0, then 𝑆

0+

𝑟
difference

exists between the 𝑟th type of the output indicator and the
optimal output value.

(3) If 𝜃0 < 1, then the DMU 𝐷𝑀𝑈
𝑗0
does not achieve

DEA efficiency. Economic significance is manifested as logis-
tics activities of DMU 𝐷𝑀𝑈

𝑗0
that have neither optimal

technology efficiency nor optimal scale efficiency.
In addition, the optimal solutions 𝜃

0 and 𝜆
0

𝑗
(𝑗 = 1, 2,

. . . , 𝑛) of 𝜃 and 𝜆
𝑗
of the 𝐷

𝜀

C2R model are usually used to
determine the scale efficiency of the DMU. The following
conclusions are obtained [40]:

(1) If (1/𝜃
0
) ∑
𝑛

𝑗=1
𝜆
0

𝑗
= 1, then the scale benefit of the

DMU stays constant.
(2) If (1/𝜃

0
) ∑
𝑛

𝑗=1
𝜆
0

𝑗
< 1, then the scale benefit of the

DMU increases progressively.
(3) If (1/𝜃

0
) ∑
𝑛

𝑗=1
𝜆
0

𝑗
> 1, then the scale benefit of the

DMU decreases progressively.

DEA is based on the concept of relative efficiency. As
such, DEA is suitable for relative efficiency evaluation involv-
ing multiple input and output indicators. The DEA model
uses the optimization tool and takes the weight coefficients of
multiple input and output indicators as the decision variables.
The evaluation is conducted in the optimal sense. Thus, the
determination of the weight coefficient of the indicator in
the statistical sense is avoided. In this case, the DEA method
has intrinsic objectivity. Without making any assumption
on weight, the optimal weight is calculated based on

the actual input and output of the DMU. Therefore, the
subjective factors are excluded. In the DEA model, the input
and output are mutually correlated and restricted. Each input
is correlated to one or several outputs.

4. Empirical Study on the Evaluation of
the Operational Efficiency of the Iron Ore
Logistics in Bohai Bay

Bohai Bay is the major steel production base in China and
occupies a pivotal status in the steel industry in the country.
Many national key steel enterprises, including Shoudu Iron
and Steel Company, Anshan Steel, Tangshan Steel, Handan
Steel, Baotou Steel, Tonghua Steel, Benxi Steel, and Jixi Steel,
are located in this region. These enterprises have a high
demand for iron ore and rely on the port logistics services in
Bohai Bay for the trade and transport of iron ore. According
to the Plan of Coastal Port Layout released by the Ministry
of Communication of the People’s Republic of China in 2006,
China has fivemajor port clusters, namely, Bohai Bay, Yangtze
River Delta, southeast coastal region of China, Pearl River
Delta, and southwest coastal region of China. Such division
is based on the economic development features, current
status of the port, transport between ports, and economic
rationality of the transport of main commodities.The general
layout consists of eight major logistics systems, namely, coal,
oil, iron ore, container, food, automobiles, roll-on and roll-
off transport, and passenger transport.The iron ore transport
system is located near the steel enterprises, with the arrange-
ment of professional berth being 200–300 tons. The iron ore
logistics service system is equipped with the infrastructures
for secondary unloading and transfer. The port cluster in
Bohai Bay is composed of port clusters in Liaoning, Tianjin,
Hebei, and the coastal regions of Shandong. This cluster
mainly serves the social and economic development of the
coastal region of north and inland China.The layout in Bohai
Bay is dominated by three hub ports (Dalian, Tianjin, and
Qingdao) and supplementary unloading ports in Yingkou,
Tangshan, Rizhao, and Yantan. Seven iron ore logistics ports
in Dalian, Yingkou, Tianjin, Rizhao, Tangshan, Qingdao,
and Yantai in Bohai Bay are selected as the samples. The
operational efficiency of iron ore logistics is comparatively
studied.

4.1. PCA of the Evaluation Indicators of the Operational
Efficiency of the Iron Ore Logistics of Ports. As indicated
in the analysis presented previously, the number of input
and output indicators should be reasonable when the DEA
model is used for evaluation. Given that the original data
contain overlapping information, the accuracy of the analysis
result will be affected. First, PCA is conducted to transform
the original data into several mutually independent indica-
tors that preserve most of the information in the original
data. China Port Yearbook 2012-2013 and China Statistical
Yearbook 2012-2013 are the sources of the original data for
the evaluation of the operational efficiency of the iron ore
logistics in Bohai Bay. The PCA model is used (Steps (1)
to (4)). Using the Statistical Package for the Social Sciences
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Table 2: Results of the normalization of the original input and output indicator data.

Indicator Dalian Yingkou Tianjin Rizhao Tangshan Qingdao Yantai

Input indicator

𝑋
1

−0.107 1.422 −0.141 0.063 −1.363 1.082 −0.956
𝑋
2

0.832 −1.160 −0.547 0.985 −0.547 1.291 −0.853
𝑋
3

0.637 −0.106 0.637 −0.850 1.381 −1.593 −0.106
𝑋
4

−0.691 −0.530 −0.350 1.020 1.802 −0.469 −0.782
𝑋
5

−0.672 −0.491 −0.491 2.041 0.052 0.413 −0.853
𝑋
6

−0.586 0.098 −0.586 −0.586 2.147 0.098 −0.586
𝑋
7

−0.817 −0.209 −0.596 1.174 1.423 0.239 −1.215
𝑋
8

−0.671 0.334 −0.584 −0.431 0.553 1.864 −1.064
𝑋
9

0.260 −0.188 −0.531 −0.814 0.135 2.033 −0.895
𝑋
10

−0.365 −0.635 1.010 −0.111 1.751 −0.866 −0.783
𝑋
11

−0.621 −0.562 2.029 −0.651 0.272 0.302 −0.770

Output indicator

𝑌
1

−0.917 −0.730 −0.577 1.178 0.968 1.030 −0.953
𝑌
2

−0.790 1.861 −0.868 0.870 −0.381 −0.433 −0.260
𝑌
3

−0.029 0.213 −0.164 1.710 −0.864 0.536 −1.403
𝑌
4

0.565 −0.859 0.881 −0.226 −0.226 1.356 −1.492

Table 3: Matrix of the correlation coefficients of the input indicators (correlation matrix).

𝑋
1

𝑋
2

𝑋
3

𝑋
4

𝑋
5

𝑋
6

𝑋
7

𝑋
8

𝑋
9

𝑋
10

𝑋
11

𝑋
1

1.000 0.227 −0.644 −0.464 0.127 −0.336 −0.095 0.480 0.433 −0.598 −0.061
𝑋
2

0.227 1.000 −0.542 0.052 0.587 −0.234 0.269 0.327 0.540 −0.273 −0.120
𝑋
3

−0.644 −0.542 1.000 0.307 −0.487 0.435 −0.027 −0.427 −0.403 0.742 0.248
𝑋
4

−0.464 0.052 0.307 1.000 0.591 0.707 0.914 0.168 −0.122 0.716 0.051
𝑋
5

0.127 0.587 −0.487 0.591 1.000 0.015 0.758 0.233 0.021 0.039 −0.139
𝑋
6

−0.336 −0.234 0.435 0.707 0.015 1.000 0.651 0.502 0.272 0.627 0.094
𝑋
7

−0.095 0.269 −0.027 0.914 0.758 0.651 1.000 0.474 0.159 0.489 0.008
𝑋
8

0.480 0.327 −0.427 0.168 0.233 0.502 0.474 1.000 0.873 −0.054 0.143
𝑋
9

0.433 0.540 −0.403 −0.122 0.021 0.272 0.159 0.873 1.000 −0.208 0.123
𝑋
10

−0.598 −0.273 0.742 0.716 0.039 0.627 0.489 −0.054 −0.208 1.000 0.587
𝑋
11

−0.061 −0.120 0.248 0.051 −0.139 0.094 0.008 0.143 0.123 0.587 1.000

(SPSS) 19.0, calculation and PCA are conducted for the
indicator data of the seven major ports.

The original data are normalized using SPSS 19.0. Next,
11 input indicators and 4 output indicators are subjected to
normalization to remove the influence of dimensionality.The
specific results are listed in Table 2.

The correlation coefficients of indicator and the data are
analyzed using SPSS. The matrices of the correlation coeffi-
cients of the input and output indicators are real symmetric
matrices (Tables 3 and 4). A large correlation coefficient
indicates a strong correlation among the variables. Thus,
more overlapping information will be obtained. Tables 3 and
4 show a number of overlapped indicator data. According to
the correlation coefficient in Tables 3 and 4, some variables
have strong correlation. For example, 𝑋

1
has strong negative

correlation with 𝑋
3
and 𝑋

10
, with the correlation coefficient

of −0.644 and −0.598, respectively; 𝑋
3
and 𝑋

10
have strong

positive correlation, with the correlation coefficient as high
as 0.742;𝑋

4
has very strong positive correlation with𝑋

6
,𝑋
7
,

and𝑋
10
, with the correlation coefficient reaching 0.707, 0.914,

and 0.716, respectively; the positive correlation coefficient of
𝑋
8
and 𝑋

9
also reaches up to 0.873; furthermore, the output

Table 4: Matrix of the correlation coefficients of the output
indicators (correlation matrix).

𝑌
1

𝑌
2

𝑌
3

𝑌
4

𝑌
1

1.000 0.073 0.520 0.353
𝑌
2

0.073 1.000 0.485 −0.281
𝑌
3

0.520 0.485 1.000 0.260
𝑌
4

0.353 −0.281 0.260 1.000

variable 𝑌
3
also has obvious positive correlation with output

variables 𝑌
1
and 𝑌

2
, with the correlation coefficient of 0.520

and 0.485, respectively. Other variables also have similar
correlation. In order to reduce the information interference
between these variables, it is necessary to extract the principal
components of all relevant indexes.

SPSS 19.0 is used for the extraction of the principal
components of all input and output indicators. Of the
11 input indicators, 4 principal components are obtained.
The accumulative contribution rate of these four principal
components reaches approximately 91%. Of the four output
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Table 5: Component matrix of the input and output indicators.

Indicator Load of the principal components of the input indicators Indicator Load of the principal components of the output indicators
1 2 3 4 1 2

𝑋
1

−0.694 0.378 0.219 0.022 𝑌
1

0.794 −0.253
𝑋
2

−0.326 0.660 −0.250 0.307 𝑌
2

0.431 0.830
𝑋
3

0.727 −0.554 0.194 −0.063 𝑌
3

0.893 0.216
𝑋
4

0.843 0.443 −0.296 −0.054 𝑌
4

0.469 −0.747
𝑋
5

0.107 0.722 −0.631 0.221
𝑋
6

0.753 0.354 0.363 −0.418
𝑋
7

0.598 0.749 −0.229 −0.054
𝑋
8

−0.060 0.823 0.534 −0.143
𝑋
9

−0.276 0.676 0.603 −0.048
𝑋
10

0.941 −0.038 0.153 0.288
𝑋
11

0.310 −0.041 0.532 0.766

Table 6: Characteristic vectors of the input and output indicators (column vector).

Indicator Characteristic vector of the input indicators Indicator Characteristic vector of the output indicator
1 2 3 4 1 2

𝑋
1

−0.355 0.204 0.165 0.022 𝑌
1

0.593 0.063
𝑋
2

−0.167 0.357 −0.188 0.304 𝑌
2

0.039 0.789
𝑋
3

0.372 −0.299 0.146 −0.062 𝑌
3

0.626 0.314
𝑋
4

0.431 0.239 −0.222 −0.053 𝑌
4

0.505 −0.524
𝑋
5

0.055 0.390 −0.474 0.219
𝑋
6

0.385 0.191 0.273 −0.414
𝑋
7

0.306 0.405 −0.172 −0.053
𝑋
8

−0.031 0.445 0.401 −0.142
𝑋
9

−0.141 0.365 0.453 −0.048
𝑋
10

0.481 −0.021 0.115 0.285
𝑋
11

0.158 −0.022 0.400 0.758

indicators, two principal components are obtained. Their
accumulative contribution rate reaches approximately 85%.
The loads of the principal components of the input and
output indicators are shown in Table 5. The characteristic
vectors of the matrices are determined based on the loads
of the principal components and the characteristic values of
the matrices of the correlation coefficients in Table 5 (see
Table 6).

The characteristic vectors in Table 6 correspond to the
coefficient of each principal indicator. Using the data in
Table 6, the formula of the synthetic indicators of the oper-
ational efficiency of the iron ore logistics at the ports of Bohai
Bay can be expressed as follows.

For the input indicators (four principal components
denoted as 𝐼

1
, 𝐼
2
, 𝐼
3
, and 𝐼

4
),

𝐼
1
= −0.355𝑋

1
− 0.167𝑋

2
+ 0.372𝑋

3
+ 0.431𝑋

4

+ 0.055𝑋
5
+ 0.385𝑋

6
+ 0.306𝑋

7
− 0.031𝑋

8

− 0.141𝑋
9
+ 0.481𝑋

10
+ 0.158𝑋

11
,

𝐼
2
= 0.204𝑋

1
+ 0.357𝑋

2
− 0.299𝑋

3
+ 0.239𝑋

4

+ 0.390𝑋
5
+ 0.191𝑋

6
+ 0.405𝑋

7
+ 0.445𝑋

8

+ 0.365𝑋
9
− 0.021𝑋

10
− 0.022𝑋

11
,

𝐼
3
= 0.165𝑋

1
− 0.188𝑋

2
+ 0.146𝑋

3
− 0.222𝑋

4

− 0.474𝑋
5
+ 0.273𝑋

6
− 0.172𝑋

7
+ 0.401𝑋

8

+ 0.453𝑋
9
+ 0.115𝑋

10
+ 0.400𝑋

11
,

𝐼
4
= 0.022𝑋

1
+ 0.304𝑋

2
− 0.062𝑋

3
− 0.053𝑋

4

+ 0.219𝑋
5
− 0.414𝑋

6
− 0.053𝑋

7
− 0.142𝑋

8

− 0.048𝑋
9
+ 0.285𝑋

10
+ 0.758𝑋

11
.

(9)
For the output indicators (two principal components

denoted as 𝑜
1
and 𝑜
2
),

𝑜
1
= 0.593𝑌

1
+ 0.039𝑌

2
+ 0.626𝑌

3
+ 0.505𝑌

4
,

𝑜
2
= 0.063𝑌

1
+ 0.789𝑌

2
+ 0.314𝑌

3
− 0.524𝑌

4
.

(10)
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Table 7: Values of the principal components of the input and output indicators.

Port samples Principal components of the input indicators Principal components of the output indicators
𝐼
1

𝐼
2

𝐼
3

𝐼
4

𝑜
1

𝑜
2

Dalian −0.964 −0.968 −0.070 −0.106 −0.308 −0.986
Yingkou −1.011 −0.370 0.601 −1.068 −0.659 1.941
Tianjin 0.693 −1.562 0.878 1.910 −0.034 −1.235
Rizhao 0.154 1.550 −2.669 0.499 1.690 1.417
Tangshan 3.979 0.804 0.588 −0.710 −0.096 −0.393
Qingdao −1.973 2.905 1.287 0.199 1.614 −0.820
Yantai −0.879 −2.358 −0.615 −0.725 −2.207 0.077

Table 8: Negative-to-positive transform of the principal components of the input and output indicators.

Port sample Principal components of the input indicators Principal components of the output indicators
𝐼
1

𝐼
2

𝐼
3

𝐼
4

𝑜
1

𝑜
2

Dalian 0.381 0.380 0.933 0.900 0.607 0.445
Yingkou 0.364 0.691 1.823 0.344 1.301 5.196
Tianjin 2.000 0.210 2.406 6.755 0.532 0.735
Rizhao 1.166 4.709 0.069 1.648 5.758 3.430
Tangshan 53.441 2.234 1.801 0.492 1.235 0.314
Qingdao 0.139 18.265 3.621 1.220 3.547 0.299
Yantai 0.415 0.095 0.541 0.484 0.094 1.826

The normalized data of the input and output indicators
in Table 2 are substituted into Formulas (9) and (10). Thus,
the values of the principal components of the indicators are
obtained (Table 7).

Given that the input and output values of the DEAmodel
should not be negative, 𝑒 (≈2.7183) is used as the base number,
and power transform is conducted on the PCA results. The
results of the negative-to-positive transform of the principal
components of the input and output indicators are shown in
Table 8.The nonnegative data of the principal components in
Table 8 are analyzed using the DEA model.

4.2. DEA Evaluation of the Operational Efficiency of the Iron
Ore Logistics. 𝐼

1
, 𝐼
2
, 𝐼
3
, and 𝐼

4
are the input variables, and

𝑜
1
and 𝑜

2
are the output variables. The DEA model shown

in Formula (8) is used to evaluate the operational efficiency
of the iron ore logistics at the ports of Bohai Bay. In the DEA
model, the number of 𝐷𝑀𝑈 is 7, 𝑠 = 4, and 𝑡 = 2. All the
values of the input and output indicators are transformed into
positive values to form the synthetic indicators. We take the
DMU 𝐷𝑀𝑈 of Dalian Port as an example. The formula is
expressed as follows based on the input and output data:

Min [𝜃 − 10
−6

(𝑠
−

1
+ 𝑠
−

2
+ 𝑠
−

3
+ 𝑠
−

4
+ 𝑠
+

1
+ 𝑠
+

2
)]

0.381𝜆
1
+ 0.364𝜆

2
+ 2𝜆
3
+ 1.166𝜆

4
+ 53.441𝜆

5

+ 0.139𝜆
6
+ 0.415𝜆

7
+ 𝑠
−

1
− 0.381𝜃 = 0,

0.380𝜆
1
+ 0.691𝜆

2
+ 0.210𝜆

3
+ 4.709𝜆

4
+ 2.234𝜆

5

+ 18.265𝜆
6
+ 0.095𝜆

7
+ 𝑠
−

2
− 0.380𝜃 = 0,

0.933𝜆
1
+ 1.823𝜆

2
+ 2.406𝜆

3
+ 0.069𝜆

4
+ 1.801𝜆

5

+ 3.261𝜆
6
+ 0.541𝜆

7
+ 𝑠
−

3
− 0.933𝜃 = 0,

0.900𝜆
1
+ 0.344𝜆

2
+ 6.755𝜆

3
+ 1.648𝜆

4
+ 0.492𝜆

5

+ 1.22𝜆
6
+ 0.484𝜆

7
+ 𝑠
−

4
− 0.900𝜃 = 0,

0.607𝜆
1
+ 1.301𝜆

2
+ 0.532𝜆

3
+ 5.758𝜆

4
+ 1.235𝜆

5

+ 3.547𝜆
6
+ 0.094𝜆

7
− 𝑠
+

1
= 0.607,

0.445𝜆
1
+ 5.196𝜆

2
+ 0.735𝜆

3
+ 3.43𝜆

4
+ 0.314𝜆

5

+ 0.299𝜆
6
+ 1.826𝜆

7
− 𝑠
+

2
= 0.445,

𝜆
1
, 𝜆
2
, 𝜆
3
, 𝜆
4
, 𝜆
5
, 𝜆
6
, 𝜆
7
≥ 0,

𝑠
−

1
, 𝑠
−

2
, 𝑠
−

3
, 𝑠
−

4
, 𝑠
+

1
, 𝑠
+

2
≥ 0.

(11)

Similarly, the DEAmodels for the other six ports, namely,
Yingkou, Tianjin, Rizhao, Tangshan, Qingdao, andYantai, are
established using the synthetic input and output indicators.
The LINGO12.0 software is used to solve the previously
presented linear programming models. The results of the
DEA evaluation are shown in Table 9.

The DEA evaluation data shown in Table 9 are analyzed.
With regard to DEA efficiency, for five DMUs (Yingkou,
Tianjin, Rizhao, Qingdao, and Yantai ports), 𝜃0 = 1, 𝑆−

𝑖
= 0

(where 𝑖 = 1, 2, 3, 4), and 𝑆
+

𝑟
= 0 (where 𝑟 = 1, 2). Therefore,

the five ports are DMUs with DEA efficiency. The input and
output states of the five ports have technology and scale
efficiencies.That is, the input and output states and efficiency
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Table 9: DEA-based evaluation of the operational efficiency of the iron ore logistics in Bohai Bay.

Port DMU 𝜃
0

∑𝜆
0 1

𝜃0
∑𝜆
0

𝑆
0−

1
𝑆
0−

2
𝑆
0−

3
𝑆
0−

4
𝑆
0+

1
𝑆
0+

2

Dalian 0.86956 0.4496 <1 0.1641 0 0 0.6213 0 1.8825
Yingkou 1 1 1 0 0 0 0 0 0
Tianjin 1 1 1 0 0 0 0 0 0
Rizhao 1 1 1 0 0 0 0 0 0
Tangshan 0.67976 0.73216 >1 36.0090 0.7589 0 0 0 3.3778
Qingdao 1 1 1 0 0 0 0 0 0
Yantai 1 1 1 0 0 0 0 0 0

Table 10: Efficiency of the DEA evaluation of the operational efficiency of the iron ore logistics in Bohai Bay.

Port DMU Relative efficiency Scale efficiency Technology efficiency
Dalian No DEA efficiency Return to scale increases progressively Inefficient
Yingkou DEA efficiency Unchanged scale benefit Efficient
Tianjin DEA efficiency Unchanged return to scale Efficient
Rizhao DEA efficiency Unchanged return to scale Efficient
Tangshan No DEA efficiency Return to scale decreases progressively Inefficient
Qingdao DEA efficiency Unchanged return to scale Efficient
Yantai DEA efficiency Unchanged return to scale Efficient

are optimal. For two DMUs (Dalian and Tangshan ports),
𝜃
0
< 1. As such, these ports achieve neither DEA efficiency

nor technology efficiency.
With regard to the return to scale, 𝜃0 = 1 for five DMUs

(Yingkou, Tianjin, Rizhao, Qingdao, and Yantai ports).When
∑𝜆
0

= 1 and (1/𝜃
0
) ∑ 𝜆
0

= 1, the return to scale remains
unchanged. For the DMU of Dalian port, (1/𝜃

0
) ∑ 𝜆
0

=

0.4496/0.8695 = 0.5170 < 1, which means that the return
to scale increases progressively. Thus, by increasing the input
quantity forDalian port, the output quantitywill increase. For
the DMU of Tangshan port, (1/𝜃0) ∑ 𝜆

0
= 0.7321/0.6797 =

1.0771 > 1, which means that the return to scale decreases
progressively. This finding indicates that the excess input of
the iron ore logistics operation in Tangshan port cannot fully
enhance the output under the existing conditions. Table 10
shows the efficiency of the DEA evaluation of the operational
efficiency of the iron ore logistics in Bohai Bay.

As shown in Tables 9 and 10, not all the DMUs of
the ports achieve DEA efficiency. Some of these DMUs are
analyzed to identify the reasons for their failure to achieve
DEA efficiency and to provide references for improvement.
Therefore, discussing the projection of the DMUs on the
relative efficiency plane is necessary. The DMUs that fail to
achieve DEA efficiency are transformed into those that do
have DEA efficiency.

For 𝑛DMUs of ports, the synthetic indicator is composed
of 𝑠 input indicators and 𝑡 output indicators. 𝜃0, 𝜆0

𝑗
, 𝑆0−
𝑖
, and

𝑆
0+

𝑟
are the optimal solutions of the linear programming of the

𝑗th DMU𝐷𝑀𝑈
𝑗
of a given port.We let𝑋0 = 𝜃

0
𝑋
0
−𝑆
0− and

𝑌
0

= 𝑌
0
+ 𝑆
0+, where (𝑋

0
, 𝑌
0
) is the projection of (𝑋0, 𝑌0)

corresponding to DMU 𝐷𝑀𝑈
𝑗0

on the relative efficiency
plane. This projection constitutes a new DMU of the given

port. Then, the new DMU (𝑋
0
, 𝑌
0
) has DEA efficiency in

relation to the original 𝑛 DMU [40], where the input and
output data corresponding to DMU

𝑗0
are𝑋
0
= 𝑋
𝑗0
, 𝑌
0
= 𝑌
𝑗0
,

and 𝑗
0

∈ [1, 𝑛]; vector 𝑆
0−

= (𝑆
0−

𝑖
), 𝑖 = 1, 2, . . . , 𝑠; vector

𝑆
0+

= (𝑆
0+

𝑟
), 𝑟 = 1, 2, . . . , 𝑡. In this manner, projection analysis

is conducted for the DMUs of the Dalian and Tangshan ports
without DEA efficiency.

Then, the projection of the DMU of Dalian port on the
relative efficiency plane is expressed as

𝑋
0

= 𝜃
0
𝑋
0
− 𝑆
0−

= 0.8695 (0.381, 0.380, 0.933, 0.900)

− (0.1641, 0, 0, 0.6213)

= (0.1672, 0.3304, 0.8113, 0.1613) ,

𝑌
0

= 𝑌
0
+ 𝑆
0+

= (0.607, 0.445) + (0, 1.8825)

= (0.6070, 2.3275) .

(12)

Similarly, the projection of the DMUof Tangshan port on
the relative efficiency plane is expressed as

𝑋
0

= 𝜃
0
𝑋
0
− 𝑆
0−

= 0.6797 (53.441, 2.234, 1.801, 0.492)

− (36.0090, 0.7589, 0, 0)

= (0.3170, 0.7597, 1.2242, 0.3344) ,

𝑌
0

= 𝑌
0
+ 𝑆
0+

= (1.2350, 0.3140) + (0, 3.3778)

= (1.2350, 3.6918) .

(13)
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According to Tables 9 and 10, the decision-making units
of five ports, Yingkou Port, Tianjin Port, Rizhao Port,
Qingdao Port, and Yantai Port, have achieved the best scale
and efficiency and the production input of the five ports
matches their efficiency output. In contrast, Dalian Port and
Tangshan Port have large potential to improve their input-
output efficiency. The projection analysis shows that Dalian
Port and Tangshan Port failed to sufficiently utilize input
resources and had a low output. If Dalian Port fully utilizes its
resources, the output value can be increased from the former
(1.2350, 0.3140) to (1.2350, 3.6918) while the input is only
0.87 times of the current input. Compared with ports with
efficient DMU, Tangshan Port has a more serious problem
in the utilization of input resources. After the improve-
ment of utilization efficiency, the output value of Tangshan
Port can be increased from the former (1.2350, 0.3140) to
(1.2350, 3.6918) while the input is lowered by 32%.

5. Discussion and Conclusion

The integrated PCA-DEA model is used in this study to
analyze the evaluation method for the operational efficiency
of the iron ore logistics in Bohai Bay, China. The comparison
shows that the operational efficiency of the iron ore logistics
of the different ports in this region presents varying features.
The port authority and operating managers can implement
corresponding port development strategies according to
these results of efficiency evaluation.

The Qingdao, Tianjin, and Dalian ports are the three
major hub ports in this region. However, only the Qingdao
andTianjin ports have iron ore logistics with high operational
efficiency. These two ports have technology and scale effi-
ciencies.Thus, these two ports are efficient DMUs.Therefore,
considering the sound performance of Qingdao Port and
Tianjin Port, the managers of the two ports should maintain
the present operating scale and production mode so as to
maintain relatively high production efficiency. The overall
efficiency value of the iron ore logistics of Dalian port is less
than 1. Hence, the DMU is inefficient in terms of either tech-
nology efficiency or scale efficiency. This finding indicates
the need for improvement in the operational efficiency of
the iron ore logistics of Dalian port, which is one of the hub
ports in the coastal region of North China. The projection
analysis also reveals that the infrastructures of Dalian port
fail to fulfill its functions to the maximum extent and thus
cause resource wastage. The evaluation results show that the
scale return of Dalian port increases progressively. ForDalian
port, integrating the existing production resources and fully
utilizing the infrastructures are necessary to address its lack
of DEA efficiency. Furthermore, Dalian port has immense
development potential.The scale of the port can be expanded
by increasing the number of berths and improving the iron
ore collection and distribution system. These measures are
important to achieve optimal scale return.

Among the other ports, the Yingkou, Rizhao, and Yantai
ports have iron ore logistics with high operational efficiency
given their current scale. The overall iron ore logistics
efficiency value is 1, which indicates the DEA efficiency

of these DMUs. The evaluation results indicate that these
ports fully utilize their infrastructures and maximize their
iron ore carrying capacities. Furthermore, the scale return
of these ports remains unchanged. The current scale of the
ports has already yielded the optimal benefits. Consequently,
the management authority of Yingkou Port, Rizhao Port,
and Yantai Port should maintain their current development
pattern and keep the efficient functioning of iron ore logistics
system, so as to better serve local social and economic
development. Tangshan Port has iron ore logistics with low
operational efficiency.The overall operational efficiency of its
iron ore logistics is less than 1. Hence, this DMU is inefficient
in terms of either technology efficiency or scale efficiency.
Projection analysis indicates that, unlike other effective
DMUs, Tangshan Port cannot fully utilize its resources. The
reason for the low efficiency of Tangshan Port is its failure
to maximize the benefits of its infrastructures. The scale
benefit of the operational efficiency of iron ore logistics of
Tangshan Port decreases progressively. Even when Tangshan
Port increases the input in its infrastructures, the benefits of
port logistics barely increase.Therefore, themanagement staff
of Tangshan Port should pay attention to and concentrate
on improving the comprehensive service of iron ore logistics
system of the port and the overall operational efficiency of
the integrated logistics system. That means that the key tasks
for Tangshan port is to enhance the coordination between the
various links of its iron ore logistics and to fully utilize its port
infrastructures.

This study mainly evaluates the iron ore ports of Bohai
Bay, China, using the iron ore logistics data of these ports
as data sources. PCA is utilized to extract the principal
components of the original indicators, which are then taken
as the input and output data of the DEA model. Iron ore
logistics is evaluated using the DEA model. The relative
efficiency of theDEA evaluation of the iron ore logistics of the
ports is also determined. The PCA-DEA integrated model is
deemed suitable for the evaluation of port logistics efficiency
with high accuracy and practicability. Moreover, the findings
of the present work provide theoretical and decision-making
bases for the improvement of port logistics efficiency.
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[32] J. Odeck and S. Bråthen, “A meta-analysis of DEA and SFA
studies of the technical efficiency of seaports: a comparison
of fixed and random-effects regression models,” Transportation
Research Part A: Policy and Practice, vol. 46, no. 10, pp. 1574–
1585, 2012.

[33] P. Carvalho, R. C. Marques, Á. Fonseca, and P. Simões, “Gov-
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European Journal of Operational Research, vol. 15, no. 3, pp. 333–
334, 1984.



Submit your manuscripts at
http://www.hindawi.com

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Mathematics
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Mathematical Problems 
in Engineering

Hindawi Publishing Corporation
http://www.hindawi.com

Differential Equations
International Journal of

Volume 2014

Applied Mathematics
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Probability and Statistics
Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Mathematical Physics
Advances in

Complex Analysis
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Optimization
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Combinatorics
Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Operations Research
Advances in

Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Function Spaces

Abstract and 
Applied Analysis
Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

International 
Journal of 
Mathematics and 
Mathematical 
Sciences

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

The Scientific 
World Journal
Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Algebra

Discrete Dynamics in 
Nature and Society

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Decision Sciences
Advances in

Discrete Mathematics
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com

Volume 2014 Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Stochastic Analysis
International Journal of


