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Abstract

:

This paper discusses a bi-objective programming of the port-hinterland freight transportation system based on intermodal transportation with the consideration of uncertain transportation demand for green concern. Economic and environmental aspects are integrated in order to obtain green flow distribution solutions for the proposed port-hinterland network. A distributionally robust chance constraint optimization model is then established for the uncertainty of transportation demand, in which the chance constraint is described such that transportation demand is satisfied under the worst-case distribution based on the partial information of the mean and variance. The trade-offs among different objectives and the uncertainty theory applied in the modeling both involve the notion of symmetry. Taking the actual port-hinterland transportation network of the Yangtze River Economic Belt as an example, the results reveal that the railway-road intermodal transport is promoted and the change in total network CO2 emissions is contrary to that in total network costs. Additionally, both network costs and network emissions increase significantly with the growth of the lower bound of probability for chance constraint. The higher the probability level grows, the greater the trade-offs between two objectives are influenced, which indicates that the operation capacity of inland intermodal terminals should be increased to meet the high probability level. These findings can help provide decision supports for the green development strategy of the port-hinterland container transportation network, which meanwhile faces a dynamic planning problem caused by stochastic demands in real life.
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1. Introduction


Port-hinterland container transportation, as an extension of maritime shipping in inland areas, is an indispensable part of the whole container supply chain in order to obtain “door-to-door” service. The efficiency of port-hinterland connection influences not only the service quality of entire container transportation chain, but also the port competitions [1,2].The optimization of the transportation system in the port-hinterland part is facing complicated and comprehensive challenges in achieving cost-saving, fast, safe, and environmentally friendly movement of goods. Intermodal transport, which is a combination of at least two transportation modes without changing a loading unit in the haul, emerges and is promoted as it presents the advantage of offering greener or more sustainable transportation compared with the mode of road. Generally, the main long haulage is undertaken by the railway or waterway, while the road transport is only applied in the pre-haulage or post-haulage of the entire route. Although there have been a number of academic articles dealing with planning problem of intermodal transport [3,4,5,6], the road–rail intermodal transport is the major issue, while road–waterway intermodal transport or other intermodal forms are rarely discussed. Thus, the network design problem in the port-hinterland transportation system based on intermodal freight transportation, in which the modes of road, railway, and waterway are all modeled, is the research focus of this paper.



The greenness issue in the port-hinterland container transportation system is one of the research focuses in this paper. The optimization of the hinterland transportation network needs to consider not only cost savings, but also environmental protection. Owing to the high carbon emissions by road transportation, intermodal transportation has been highly encouraged in transportation activities because of the advantage of low carbon [7,8,9,10,11]. So far, there have been a number of studies handling the green port-hinterland transportation network design problem through monetary measures, in which carbon emissions impact is internalized by policy intervention. For example, Iannone [12] assessed the impact of a set of policy instruments and operational measures on the sustainability of hinterland container logistics in Campania, Southern Italy. Santos et al. [13] investigated the impact of a set of transport policies likely subsidizing intermodal transport operations, internalizing external costs, and optimizing the location of inland terminals from a system perspective on a railroad intermodal freight system in Belgium, aiming to reduce external effects. Zhang et al. [14] incorporated measures of CO2 pricing, terminal network configuration, and hub-service networks in freight transport optimization model and used the case of hinterland container transport in the Netherlands to calibrate and validate the model. On top of that, there were also a few articles analyzing the trade-off relationship between multiple objectives (such as cost, time, emissions, and so on) in the port-hinterland freight logistics field. Lam and Gu [15] analyzed the trade-offs between cost and time in multimodal transport network optimization under different limitations on total network emission. Demir et al. [16] discussed the modeling of transportation planning incorporating environment criteria and present a bi-objective hinterland intermodal transportation model. However, the trade-offs analysis has been insufficient and can be further explored.



The aforementioned studies generally trade input parameters, such as transport demands, as deterministic factors. In the real-world hinterland transportation system, the generation of transport demand is fluctuating and uncertain. This might result in dynamic transportation planning, which increases the difficulty of decision making in hinterland transportation system optimization. The performances of cost, time, and emissions of the transportation network are all influenced as well. How to efficiently deal with uncertainty in the green optimization problem for port-hinterland transportation system is another research focus in this paper.



Methodologies to logistics network optimization considering uncertainty generally fall into stochastic programming and robust optimization. The former has been a leading method in dealing with the problem of uncertainty in recent years, where the key assumption is that the complete information non probability distribution of the stochastic factor can be obtained through either empirical data or subjective judgment. Contreras et al. [17] studied stochastic incapacitated hub location problems with uncertain demands and uncertain transportation costs, where the equivalent associated deterministic expected value problem was obtained by replacing stochastic variables with their expectations. Ardjmand et al. [18] introduced the genetic algorithm to a bi-objective stochastic model for transportation, location, and allocation of hazardous materials, where the transportation cost was considered to be stochastic. Wang [19] developed a constrained stochastic programming model for resource allocation of containerized cargo transportation networks with uncertain capacities, in which an approximation model was built and a sampling-based algorithm was proposed to solve the approximation model. Zhao et al. [20] developed a two-stage chance constrained programming model for a sea–rail intermodal service network design problem with the consideration of stochastic travel time, stochastic transfer time, and stochastic container demand. Then, a hybrid heuristic algorithm incorporating sample average approximation and ant colony optimization was proposed to solve the model. Specifically, the distribution function employed in these studies was generally not able to represent the true distribution of variables accurately, which might result in the lack of robustness on the optimal solution.



As a follow-up, robust optimization develops as another reasonable alternative method for uncertainty optimization, which aims to find a robust solution that is feasible for any realization value of uncertain parameters in an uncertainty set under certain constraints. The early robust optimization research generally did not assume that the uncertain parameters obeyed any distribution, but assumed that they took values in a certain interval. Karoonsoontawong and Waller [21] developed a robust optimization model for dynamic traffic assignment-based continuous network design problem. The robust model provided the optimal solution that was least sensitive to the variation of travel demand, given the degree of robustness by transportation planners. Sun [22] proposed a min-max model for urban traffic network design under user equilibrium with robust optimization, where uncertain demand belonged to a bounded interval. Ng and Lo [23] discussed two robust models for transportation service network design and applied them in the ferry service in Hong Kong. Owing to the insufficiency distribution information of uncertainty, the solution of robust optimization is likely to be conservative. In view of this, distributionally robust optimization was developed to address the issue of distributional uncertainty using available distribution information (likely moment) of uncertain factors [24] and has been studied over the past few decades. It assumes that the probability distribution of uncertainty belongs to a certain distribution set rather than a determined probability distribution, and makes an optimal decision on the basis of the worst distribution from the set. Yin et al. [25] discussed the p-hub median problem with uncertain carbon emissions under the carbon cap-and-trade policy and proposed a novel distributionally robust optimization model with the ambiguous chance constraint. Gourtani et al. [26] developed a two-stage facility location problem with stochastic customer demand and proposed a distributinally robust optimization framework to hedge risks that arose from incomplete information on the distribution of the uncertainty.



In this paper, we focus on the uncertainty in green port-hinterland intermodal transportation network optimization with uncertain demand. This paper differs from the aforementioned literature in two aspects. Firstly, a distributionally robust chance constrained approach is introduced with the distributional information of mean and variance for the uncertain demand, and a tractable approximation of the chance constrained problem is developed to reformulate the model as a deterministic linear programming. Secondly, hybrid intermodal transportation alternatives are encompassed to help analyze the greenness of hinterland transportation network and trade-offs between economic and environmental goals are investigated by incorporating the variation in the lower bound of probability for chance constraint.



The reminder of this paper is organized as follows. Section 2 presents the problem statement and model formulation of the distributionally robust chance constrained bi-objective optimization problem. The proposed model is applied in the case of the port-hinterland container intermodal transportation network in the Yangtze River Economic Belt in China and the numerical experiments are reported in Section 3. Finally, Section 4 discusses the results and Section 5 concludes the paper and outlines future research directions.




2. The Distributionally Robust Chance Constrained Bi-Objective Modeling


2.1. ProblemStatement


In order to describe the actual port-hinterland container transportation system, this study intends to design the network based on the intermodal transportation. The majority of studies about intermodal transportation network optimization are mainly aimed at a combination of road transport and the railway or the waterway, while few articles consider the combination of rail and barge, barge and barge or rail and rail, especially in some inland areas where inland waterway and railway can both be employed by transport users, such as the hinterlands in the Yangtze River Economic Belt of China.



For the network architecture in this study, the nodes of gateway seaports (GPs), inland intermodal terminals (IITs), and inland cities (ICs) are identified and transportations modes of road, rail, and waterway can be available. Specially, inland intermodal terminals in this study contain two types of terminals: inland river ports (IRPs) and freight rail stations (FRSs). Both of them could undertake the transshipments of containerized freight and connections of transportation modes. However, the former supports barge intermodal transport and the latter promotes railway intermodal transport. The proposed port-hinterland transportation network is depicted in Figure 1. As shown, the transportation demands of goods that are generated in inland cities can be transported to the gateway seaports through direct transportation links by road, visiting one inland intermodal terminal (road–rail intermodal or road-waterway intermodal option)as well as routing through at most two connected terminals of different types or the same type (inter-terminal intermodal options).



With the concern for the greenness, the economic objective and environmental goal are the main focuses and they are integrated for the purpose of trade-off relationship analysis and then finding green network distribution solutions. With regards to the symmetry, the economic and environmental objectives might come to a compromise in these solutions. Thus, the optimization problem in this study is to obtain green freight distribution solutions through the proposed network under the given transportation demands in inland cities and some capacity restrictions, in which the choice of transport routes, the selection of gateway ports, and network flow distribution are determined by the competition in economic and environmental objectives.



This is not a standard hub-spoke network design problem, as it is assumed that there could be direct links from inland city origin to gateway seaport destination and the inland city nodes also can be assigned to more than one inland intermodal terminal. On top of that, it is also assumed that the transshipments and connections of transportation modes only occur at inland intermodal terminals. The number, type, and maximum container handling capacity of inland intermodal nodes are known. Thus, these assumptions increase the number of possible routes from origin to destination, and thus better reflect reality as they allow hybrid inter-terminal connections by rail–barge, barge–rail, barge–barge, and rail–rail intermodal options, especially for the case of long-range freight transportation.



Moreover, in the actual port-hinterland container transportation system, the transportation demand for each inland city is uncertain, and it is also difficult to determine the accurate probability distribution of demand through historical data. Therefore, this study additionally assumes that the specific probability distribution of transportation demand is unknown and only some distribution information such as the mean and variance of demand parameter is given. Although there are different categories of goods for foreign trade and different types of loading containers, the freight unit of TEU (twenty-foot equivalent unit) is applied for the consideration of unification and the freight export direction is mainly focused on in this study. In view of this, a distributionally robust optimization approach with chance constraint, which ensures that the uncertain transportation demand can be satisfied under the worse-case distribution condition, is applied to address the uncertainty. It could help analyze the performance of the port-hinterland transportation network on economic and environmental objectives and their trade-off relationships under different lower bounds of the probability for the chance constraint. The impacts of uncertain transportation demands on the green port-hinterland freight distribution network optimization can also be further explored.




2.2. Notations


The set of index, decision variables and input parameters for the model are listed in Table 1, Table 2 and Table 3 respectively.



As for the mathematical expression,   T r ( A , B )   refers to the trace of matrix  A  and  B , which is denoted by   〈 A , B 〉  .   A − B ≽ 0     implies that   ( A − B )   is positive semi-definite. Given the mean and variance of uncertain demand, the matrix of second-order moment can be expressed as    ∑ i  = Ε  [       D i       1     ]     [       D i       1     ]   T  =  [       s i       μ i         μ i     1     ]   , in which    s i    is the second-order moment and is the sum of the squares of the mean and variance (   s i  =  δ i 2  +  μ i 2   ). When    δ i 2  > 0  ,    ∑ i    is positive definite (   ∑ i  ≻ 0  ).




2.3. Model Formulation


The economic objective and environmental objective of proposed transportation network are measured by the total logistics costs and the total CO2 emissions of the network, respectively. The former includes the transportation costs on the transportation routes and the handling as well as storage costs at the inland intermodal terminals. The latter consists of the corresponding route emissions and terminal handling CO2 emissions. A bi-objective optimization model for the port-hinterland container intermodal transportation network with chance constraint can be constructed as follows:


    min  C  T S P   =   ∑  i ∈ I      ∑  s ∈ S     C  i s  1  ⋅  Q  i s        +   ∑  i ∈ I      ∑  j ∈ H      ∑  m ∈ ( 2 , 3 )     (   C  i j  1  + H  C j  1 m   + S  C j    )  ⋅  X  i j          +   ∑  i ∈ I      ∑  s ∈ S      ∑  j ∈ H      ∑  k ≠ j ∈ H      ∑  m ,  m ′  ∈ ( 2 , 3 )     (   C  j k  m  + H  C k  m  m ′    + S  C k    )  ⋅  Q  i j k s                   +   ∑  k ∈  H w       ∑  s ∈ S      ∑  m ∈ ( 2 , 3 )     C  k s  m  ⋅  Y  k s            



(1)






    min E M =   ∑  i ∈ I      ∑  s ∈ S     e 1  ⋅  d  i s  1  ⋅  Q  i s        +   ∑  i ∈ I      ∑  j ∈ H      ∑  m ∈ ( 2 , 3 )      (   e 1  ⋅  d  i j  1  +  e j  1 m    )  ⋅  X  i j        +   ∑  i ∈ I      ∑  s ∈ S      ∑  j ∈ H      ∑  k ≠ j ∈ H      ∑  m ,  m ′  ∈ ( 2 , 3 )     (   e m  ⋅  d  j k  m  +  e k  m  m ′     )  ⋅  Q  i j k s                   +   ∑  k ∈ H      ∑  s ∈ S      ∑  m ∈ ( 2 , 3 )     e m  ⋅  d  k s  m  ⋅  Y  k s            



(2)






    min   P ∈ Γ   Pr  {    ∑  s ∈ S     Q  i s      +   ∑  j ∈ H      ∑  s ∈ S     Q  i j s        +   ∑  j ∈ H      ∑  k ≠ j ∈ H      ∑  s ∈ S     Q  i j k s          ≥  D i   }  ≥ α ,   ∀ i ∈ I  



(3)






    ∑  s ∈ S     Q  i j s      +   ∑  k ≠ j ∈ H      ∑  s ∈ S     Q  i j k s        =  X  i j   ,   ∀ i ∈ I , ∀ j ∈ H  



(4)






    ∑  i ∈ I     Q  i k s      +   ∑  i ∈ I      ∑  j ≠ k ∈ H     Q  i j k s        =  Y  k s   ,   ∀ k ∈ H , ∀ s ∈ S  



(5)






    ∑  s ∈ S     Y  k s      ≤  U k  ,   ∀ k ∈  H     



(6)






    ∑  i ∈ I     Q  i s      +   ∑  i ∈ I      ∑  j ∈ H     Q  i j s        +   ∑  i ∈ I      ∑  j ∈ H      ∑  k ≠ j ∈ H     Q  i j k s          ≤  U s  ,   ∀ s ∈ S  



(7)






   Q  i s    ∈  N  ,   ∀ i , s  



(8)






   Q  i j s    ∈  N  ,   ∀ i , j , s  



(9)






   Q  i j k s    ∈  N  ,   ∀ i , j , k , s  



(10)







Equations (1) and (2) are objective functions representing the minimum total logistics costs of the network and the minimum total CO2 emissions of the network, respectively. Constraint (3) is the chance constraint, which ensures that the total amount of goods transported from inland city to all seaports meets the worst distribution of the transportation demand of each city. Constraint (4) indicates that the quantity of containers routed from the city to the assigned intermodal terminal is the sum of the volume through road–rail or road–waterway intermodal transportation and the volume through inter-terminal transportation. Constraint (5) ensures the balance of goods entering and leaving the inland intermodal terminals. Constraints (6) and (7) are the container handling capacity limitations of inland intermodal terminals and gateway seaports, respectively. Constraints (8)–(10) are non-negative integer constraints of decision variables.




2.4. Model Transformation


As the model contains the distributionally chance constraint, which is difficult to solve, we can first transform it into the corresponding Lagrange equivalent problem. Then, it is further transformed into a semi-definite programming problem through classified discussion. Finally, it can be transformed into a mixed integer linear optimization equivalent problem, which is easy to solve.



For distributionally robust chance Constraint (3), because   Pr  {    ∑  s ∈ S     Q  i s      +   ∑  j ∈ H      ∑  s ∈ S     Q  i j s        +   ∑  j ∈ H      ∑  k ≠ j ∈ H      ∑  s ∈ S     Q  i j k s          ≥  D i   }  ≥ α ,   ∀ i ∈ I  , so   Pr  {    ∑  s ∈ S     Q  i s      +   ∑  j ∈ H      ∑  s ∈ S     Q  i j s        +   ∑  j ∈ H      ∑  k ≠ j ∈ H      ∑  s ∈ S     Q  i j k s          ≤  D i   }  ≤ 1 − α ,   ∀ i ∈ I   and Constraint (3) is equivalent to Equation (11).


    max   P ∈ Γ   Pr  {    ∑  s ∈ S     Q  i s      +   ∑  j ∈ H      ∑  s ∈ S     Q  i j s        +   ∑  j ∈ H      ∑  k ≠ j ∈ H      ∑  s ∈ S     Q  i j k s          ≤  D i   }  ≤ 1 − α ,   ∀ i ∈ I  



(11)







Lemma 1.

The following problem (12) is equivalent to Equation (11)


     〈  M i  ,  ∑ i  〉 ≤ 1 − α ,      λ i  ≥ 0 ,      M i  ≽ 0 ,      M i  +  [     0    −  λ i        −  λ i      2  λ i   (    ∑  s ∈ S     Q  i s      +   ∑  j ∈ H      ∑  s ∈ S     Q  i j s        +   ∑  j ∈ H      ∑  k ≠ j ∈ H      ∑  s ∈ S     Q  i j k s           )  − 1      ]  ≽ 0 .     



(12)









Proof. 

An indicative function [27] is defined as follows:


  ∏ (  D i  ) =  {      1 ,       0 ,           i f   ∑  s ∈ S     Q  i s      +   ∑  j ∈ H      ∑  s ∈ S     Q  i j s        +   ∑  j ∈ H      ∑  k ≠ j ∈ H      ∑  s ∈ S     Q  i j k s          ≤  D i  ,       otherwise .      



(13)







Introducing the indicative function into Equation (11),     max   P ∈ Γ   Pr  {    ∑  s ∈ S     Q  i s      +   ∑  j ∈ H      ∑  s ∈ S     Q  i j s        +   ∑  j ∈ H      ∑  k ≠ j ∈ H      ∑  s ∈ S     Q  i j k s          ≤  D i   }    can be expressed as follows:


    max   ∫  ∏ (  D i  ) d P        s  . t  .       ∫   [       D i       1     ]     [       D i       1     ]   T  d P    =  ∑ i  .    



(14)







The Lagrange function is defined as follows:


  L ( P ,  M i  ) =   ∫  ∏ (  D i  ) d P    + 〈  M i  ,  ∑ i  −   ∫   [       D i       1     ]     [       D i       1     ]   T  d P    〉 = 〈  M i  ,  ∑ i  〉 +   ∫  ( ∏ (  D i  )    −    [       D i       1     ]   T   M i   [       D i       1     ]  ) d P ,  



(15)




where    M i    is the variable matrix of Lagrange product term. Because    ∑ i  ≻ 0  , the strong duality holds.



Let   f (  D i  ) =    [       D i       1     ]   T   M i   [       D i       1     ]   , the problem (14) is then equivalent to (16):


  g ( Q ) =   min    M i  =  M i T      max  P  〈  M i  ,  ∑ i  〉 +   ∫  ( ∏ (  D i  ) − f (  D i  ) )    d P ,  



(16)




where


    max  P  〈  M i  ,  ∑ i  〉 +   ∫  ( ∏ (  D i  )    − f (  D i  ) ) d P =  {      〈  M i  ,  ∑ i  〉 ,       + ∞ ,          if    ∏ (  D i  ) − f (  D i  ) ≤ 0 ,       otherwise .        



(17)







In other words, only if   ∏ (  D i  ) − f (  D i  ) ≤ 0  ,   g ( Q )   is finite.



As for   f (  D i  )  , there are two situations:




	(1)

	
  f (  D i  ) ≥ 0  , for any    D i   ;




	(2)

	
  f (  D i  ) ≥ 1  , for any    D i   , which satisfies     ∑  s ∈ S     Q  i s      +   ∑  j ∈ H      ∑  s ∈ S     Q  i j s        +   ∑  j ∈ H      ∑  k ≠ j ∈ H      ∑  s ∈ S     Q  i j k s          ≥  D i   .









Situation 1 is equivalent to    M i  ≽ 0  ; situation2 is valid only if there exists    λ i  ≥ 0  , which makes   f (  D i  ) ≥ 1 − 2  λ i  (   ∑  s ∈ S     Q  i s      +   ∑  j ∈ H      ∑  s ∈ S     Q  i j s        +   ∑  j ∈ H      ∑  k ≠ j ∈ H      ∑  s ∈ S     Q  i j k s          −  D i  )   and


   M i  +  [     0    −  λ i        −  λ i      2  λ i   (    ∑  s ∈ S     Q  i s      +   ∑  j ∈ H      ∑  s ∈ S     Q  i j s        +   ∑  j ∈ H      ∑  k ≠ j ∈ H      ∑  s ∈ S     Q  i j k s           )  − 1      ]  ≽ 0  











Therefore, problem (14) is equivalent to (18):


    min 〈  M i  ,  ∑ i  〉     s  . t   .         λ i  ≥ 0 ,      M i  ≽ 0 ,      M i  +  [     0    −  λ i        −  λ i      2  λ i   (    ∑  s ∈ S     Q  i s      +   ∑  j ∈ H      ∑  s ∈ S     Q  i j s        +   ∑  j ∈ H      ∑  k ≠ j ∈ H      ∑  s ∈ S     Q  i j k s           )  − 1      ]  ≽ 0 .    



(18)







In other words, Equation (11) is equivalent to the problem (12). □





Theorem 1.

Constraint (3) with worst-case probability can be approximated from the following constraint:


      α  1 − α        δ i 2    +  u i  ≤   ∑  s ∈ S     Q  i s      +   ∑  j ∈ H      ∑  s ∈ S     Q  i j s        +   ∑  j ∈ H      ∑  k ≠ j ∈ H      ∑  s ∈ S     Q  i j k s          , ∀ i ∈ I .   



(19)









Proof. 

It can be seen from problem (18) that the optimal value is available when    λ i  > 0  . We divide (12) by    λ i    at both sides of the formula and then replace      M i     λ i      and    1   λ i      with a new    M i    and new    λ i   , respectively. Then, (12) can be represented by (20):


    〈  M i  ,  ∑ i  〉 ≤  λ i   (  1 − α  )  ,      λ i  ≥ 0 ,      M i  ≽ 0 ,      M i  +  [     0    − 1       − 1     2  (    ∑  s ∈ S     Q  i s      +   ∑  j ∈ H      ∑  s ∈ S     Q  i j s        +   ∑  j ∈ H      ∑  k ≠ j ∈ H      ∑  s ∈ S     Q  i j k s           )  −  λ i       ]  ≽ 0 .    



(20)







Owing to the equivalent relationship between the following formulas according to [27],




	(1)

	
      1 − β  β       x T   Γ i  x   −  u T  x ≤ γ  ;




	(2)

	
there is asymmetric matrix  M  and   τ ∈  ℝ +   , which means that



    〈 M , ∑ 〉 ≤ τ β ,     τ ≥ 0 ,     M ≽ 0 ,     M +  [     0   x     x    2 γ − τ      ]  ≽ 0 ,    









Thus, we can obtain that distributionally robust chance Constraint (3) is equivalent to (19). □





To solve the bi-objective model, the ε-constraint method is adopted by selecting one of objectives as the main goal and converting another objective into an additional constraint. In this paper, costs minimization is selected as the main goal and network emissions formula is added as additional constraint. Therefore, after the transformation approach on the chance constraint above, the bi-objective optimization problem can be then reformulated as following:


    min  C  T S P   =   ∑  i ∈ I      ∑  s ∈ S     C  i s  1  ⋅  Q  i s        +   ∑  i ∈ I      ∑  j ∈ H      ∑  m ∈ ( 2 , 3 )     (   C  i j  1  + H  C j  1 m   + S  C j    )  ⋅  X  i j          +   ∑  i ∈ I      ∑  s ∈ S      ∑  j ∈ H      ∑  k ≠ j ∈ H      ∑  m ,  m ′  ∈ ( 2 , 3 )     (   C  j k  m  + H  C k  m  m ′    + S  C k    )  ⋅  Q  i j k s                   +   ∑  k ∈  H w       ∑  s ∈ S      ∑  m ∈ ( 2 , 3 )     C  k s  m  ⋅  Y  k s            



(21)




s.t.


     α  1 − α        δ i 2    +  u i  ≤   ∑  s ∈ S     Q  i s      +   ∑  j ∈ H      ∑  s ∈ S     Q  i j s        +   ∑  j ∈ H      ∑  k ≠ j ∈ H      ∑  s ∈ S     Q  i j k s          , ∀ i ∈ I  



(22)






      ∑  i ∈ I      ∑  s ∈ S     e 1  ⋅  d  i s  1  ⋅  Q  i s        +   ∑  i ∈ I      ∑  j ∈ H      ∑  m ∈ ( 2 , 3 )      (   e 1  ⋅  d  i j  1  +  e j  1 m    )  ⋅  X  i j        +   ∑  i ∈ I      ∑  s ∈ S      ∑  j ∈ H      ∑  k ≠ j ∈ H      ∑  m ,  m ′  ∈ ( 2 , 3 )     (   e m  ⋅  d  j k  m  +  e k  m  m ′     )  ⋅  Q  i j k s                  +   ∑  k ∈ H      ∑  s ∈ S      ∑  m ∈ ( 2 , 3 )     e m  ⋅  d  k s  m  ⋅  Y  k s         ≤ ε    



(23)






    ∑  s ∈ S     Q  i j s      +   ∑  k ≠ j ∈ H      ∑  s ∈ S     Q  i j k s        =  X  i j   ,   ∀ i ∈ I , ∀ j ∈ H  



(24)






    ∑  i ∈ I     Q  i k s      +   ∑  i ∈ I      ∑  j ≠ k ∈ H     Q  i j k s        =  Y  k s   ,   ∀ k ∈ H , ∀ s ∈ S  



(25)






    ∑  s ∈ S     Y  k s      ≤  U k  ,   ∀ k ∈  H     



(26)






    ∑  i ∈ I     Q  i s      +   ∑  i ∈ I      ∑  j ∈ H     Q  i j s        +   ∑  i ∈ I      ∑  j ∈ H      ∑  k ≠ j ∈ H     Q  i j k s          ≤  U s  ,   ∀ s ∈ S  



(27)






   Q  i s    ∈  N  ,   ∀ i , s  



(28)






   Q  i j s    ∈  N  ,   ∀ i , j , s  



(29)






   Q  i j k s    ∈  N  ,   ∀ i , j , k , s  



(30)








2.5. Model Solution


The trade-off relationships between total cost and total emissions as well as the Pareto frontier under a certain probability level of chance constraint can be obtained by applying the ε-constraint method, in which a range of network emissions limitations (ε) according to different emissions reduction percentages is set, while minimizing the total costs of the transportation network is selected as the main objective. The model in each ε setting is solved with the software of CPLEX solver to obtain the numerical results of network cost, network emissions, and modal split. After that, various probability levels are proposed in the model and the above-mentioned process is repeated.





3. Case Study


3.1. CaseDescription and Data Collection


The Yangtze River Economic Belt in China is known worldwide because of the Yangtze River golden waterway. It is the longest inland river in Asia and connects the eastern, central, and western parts of China. The port-hinterland container intermodal transportation system of the Yangtze River Economic Belt completes most of the foreign containerized cargo transportation through Shanghai Port and Ningbo-Zhoushan Port. They rank first and fourth in container traffic, respectively [28], and increasing container volume worldwide is forcing them to improve hinterland connections. In this paper, they are recognized as gateway seaports for the proposed port-hinterland intermodal transportation network and 72 inland cities are selected as the freight transportation demand generation nodes according to their importance in the aspects of population scale, economic scale, and foreign volume. As for inland intermodal terminals in the Yangtze River Economic Belt, several river ports that can process substantial containers have developed well in the past decades, while the container railway stations only witnessed growth in volume in the past years. As for the data source, Table 4 gives the mean and standard deviation of transportation demand of each inland city, which are estimated by the authors. The container handling capacity of inland intermodal terminals and gateway seaports are shown in Table 5. Transportation costs per TEU from node to node are gathered from third logistics firms, China Railway Service Center website, and Changjiang Waterway Bureau website. CO2 emissions rate varies from country to country and the work of Die Zhang [29], which reflects the emissions situation of inland transportation activities in China, is referred in this paper. The carbon emissions factor of each transportation mode is shown in Table 6. The carbon emissions factor for transshipment at inland intermodal terminals is estimated as 5.8 kg/TEU, according to China Port Yearbook.




3.2. Experimental Results


3.2.1. Results in Different Objective Optimization and Trade-Off Relationship Analysis (  α = 0.90  )


The model is firstly computed and runs with different optimization goals (costs minimization only, emissions minimization only and bi-objective optimization) by inputting parameters mentioned in Section 3.1 under the probability level of chance constraint with 0.90. Table 7 gives the model outputs on total network costs, network emissions, and flow distribution of the port-hinterland intermodal transportation network in the Yangtze River Economic Belt under three optimization objectives. In the costs minimization model, the lowest network cost that the transportation network of the Yangtze River Economic Belt could achieve is 3255.6 million dollars and the corresponding network emissions is 4.448 million tons. When the optimization objective is network emissions, the minimumCO2 emissions that the transportation network could achieve is 3.238 million tons, which is approximately 27.2% lower than the network emissions in the lowest cost model, and the corresponding total network cost is 3511.2 million dollars.



When it comes to the bi-objective optimization model, Figure 2 depicts the Pareto frontier of cost goal and emissions goal in detail, which shows the trade-off relationship between total costs and total emissions. As shown in Figure 2, after the limitation percentage of 85.0% on network emissions, maintaining the same percentage of emissions reduction requires a greater network cost increase. It indicates that the 85.0% limitation level would be a watershed between the cost target and emissions target. The numerical results at this level are also listed in Table 7. At this point, the network costs and network emissions reach a compromise in the trade-off relationships. In other words, the transportation network not only could achieve considerable emissions reduction at this emission limitation level, but also could avoid the substantial increase in total logistics costs through the network.



It can also be found that the cost goal and emissions reduction present opposite trends for the case in the Yangtze River Economic Belt. With the decrease of the limitation on network emissions (ε), the emissions reduction percentage increases, while the total network cost trend keeps growing.



Through careful examination, it can be noticed that, in the three optimization models, the proportion of direct road transportation is always the highest, while the usage rates of intermodal transportation alternatives are relatively low. This also can be found from the difference in flow distribution in Table 7. This is because, in the actual case of the Yangtze River Economic Belt, many inland cities have road links to gateway seaports, while they do not have barge shipping lines or railway trains to seaports. With the tightening of the emissions limitation, the flow market of rail intermodal transportation increases obviously while that of barge intermodal and inter-terminal transportation decrease. This implies that the choice of intermodal transport alternatives in the Yangtze River Economic Belt is restricted by the trade-offs between costs and emissions.




3.2.2. Sensitivity Analysis of Probability Levels of Chance Constraint


In order to investigate the effects of different probability levels of chance constraint on the bi-objective optimization decision of port-hinterland transportation network, the model results under the lower bounds of the probability of 0.8, 0.85, 0.9, 0.95, and 0.98 for the chance constraint of transportation demand are all calculated and their Pareto frontier graphs are depicted in Figure 3. It can be found that the model obtains different Pareto optimal solutions under various probability levels of chance constraint for transportation demand, as shown in Figure 3. With the increase of the lower bound of probability for chance constraint, the Pareto frontier moves forward and total costs and total emissions are both on the rise. This indicates that the performance of network costs and network emissions of the transportation network can be influenced by the lower bound of probability. In addition, the higher the required lower bound of probability for chance constraint, the greater the impact brought about.



As for the trade-offs between two targets under different probability levels of chance constraint, the Pareto frontier also varies remarkably. When higher requirements for the lower bound of probability are put forward, the trend of Pareto frontier tends to be gentler, as shown in Figure 3. Especially at the probability level of 0.95 and 0.98, the slope of the Pareto frontier drops more prominently than that at lower probability levels (0.80, 0.85, and 0.90). This means that the cost to achieve emission reduction targets for the case in Yangtze River Economic Belt becomes higher and the compromise solution between two objectives is also more difficult to obtain. Therefore, when the required lower bound of probability for chance constraint of transportation demand is high, there exists a great impact on the trade-off relationship between network costs and network emissions.



Further, Figure 4 investigates the comparison of flow distribution of each compromise solution in bi-objective optimization under different probability levels of chance constraint. It is also the reason why the trade-offs between cost target and emissions target change, as depicted in Figure 3. As shown, there is nearly no difference in flow distribution at low probability levels of 0.8, 0.85, and 0.9. However, when the high lower bound of probability for chance constraint is required, such as 0.95 and 0.98, flows on direct road climb up, while intermodal flows decrease to different degrees. This is because the inland terminal capacity of handling container transshipment has become saturated. Thus, if the high lower bound of probability for chance constraint is required for the port-hinterland transportation network in the Yangtze River Economic Belt, it would be better to expand the handling capacity of inland intermodal terminals.






4. Discussion


This paper differs from the previous literature in two aspects. Firstly, hybrid intermodal transportation alternatives are encompassed to help analyze the greenness of hinterland transportation network. Secondly, a distributionally robust chance constrained approach is introduced with the partial distributional information of mean and variance for the uncertain demand, and then trade-offs between economic and environmental goals are investigated by incorporating the variation in lower bound of probability for chance constraint.



The flow distribution results indicate that railway–road intermodal transport can be promoted with the greenness requirement on the proposed port-hinterland transportation network. In other words, more flows are absorbed to the railway–road intermodal routes when the optimization objective is the bi-objective case or the CO2 minimum emissions case. It is an interesting finding for intermodal freight transport, because it implies that there is competition in hybrid intermodal transportation alternatives, rather than the only competition in unimodal and single intermodal options in most intermodal transport research articles (such as the works of Crainic et al. [5], Santoset al. [13], and Bouchery and Fransoo [30]). This finding might provide a different perspective for the port-hinterland intermodal transportation network optimization with the greenness consideration.



As for the uncertainty of transportation demand in port-hinterland freight network optimization, this study considers the situation that the accurate distribution formation of stochastic variation is usually difficult to obtain in reality. In recent literature, most studies on hinterland freight transportation network planning traded the transportation demand as the determined parameter or stochastic parameter with the known distribution (such as the works of Dai et al. [31], Liu et al. [32], and Chen and Wang [33]. For this case, a distributionally robust chance constrained approach is introduced and a tractable approximation of the chance constrained problem is then developed to reformulate the model as a deterministic linear programming. The results indicate that the green solution under bi-objective optimization model for the port-hinterland transportation system is more difficult to obtain with the higher requirement of lower bound of probability for chance constraint of transportation demand. It also offers a different perspective for the green port-hinterland intermodal transportation network optimization with the uncertainty of transportation demand.




5. Conclusions


This paper models the uncertainty in green port-hinterland intermodal transportation network optimization through a distributionally robust chance constrained method and a bi-objective approach. The chance constraint that transportation demand is satisfied under the worst-case distribution situation is proposed based on the mean and variance of probability distribution for uncertain demand. The approaches of equivalent transformation on chance constraint and ε-constraint method are employed to help reformulate the model.



The trade-offs between network costs and network emissions are analyzed and the sensitivity of probability levels for chance constraint on Pareto frontier is followed by an application of the port-hinterland intermodal transportation network in the Yangtze River Economic Belt in China. The results show that network costs and network emissions both increase significantly with the increase of the lower bound of probability for chance constraint. When the probability level climbs to some high values, the movement of Pareto frontier changes a lot, which indicates that the probability level has a great impact on the trade-offs between network costs and network emissions. This also implies that it is better to expand the handling capacity of inland intermodal terminals at high probability levels for chance constraint. Overall, the approach of distributionally robust chance constraint in the model provides a novel insight to solve the dynamic planning problem caused by the fluctuation of demands in real life. The decision makers can also choose an appropriate solution according to their preference for economic and environmental aspects.



Although the study of this paper provides some decision supports for the green port-hinterland container transportation network with uncertain demand, it also has a lack of consideration of more uncertain parameters in the model. For example, transportation cost, carbon emissions, and terminal handling capacity may all face uncertainty in the real-world case. Thus, further research might extend uncertain programming in the green logistics network in a more comprehensive direction.
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Figure 1. The proposed port-hinterland intermodal transportation network. FRS, freight rail station; IRP, inland river port; IC, inland city; GP, gateway seaport. 
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Figure 2. Pareto Frontier between total costs and total emissions (  α = 0.90  ). 
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Figure 3. Trends of Pareto frontier between total costs and total emissions under different settings on  α . 
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Figure 4. The comparison of network flow distribution under different settings on  α . 
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Table 1. The list of index set.
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	Description





	I
	Set of inland cities, indexed by i



	S
	Set of gateway seaports, indexed by s



	H
	Set of inland intermodal terminals, indexed by j, k, H = HW∪HR



	HW
	Set of inland river ports, indexed by j, k



	HR
	Set of dry ports, indexed by j, k



	M
	Set of transportation modes, indexed by m, m′∈{1,2,3}, {1} = truck, {2} = barge, {3} = rail
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Table 2. The list of decision variables.
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	Description





	Qis
	TEU flows from inland city i to gateway seaport s directly by road, ∀i∈I, ∀s∈S



	Qijs
	TEU flows from inland city i to gateway seaport s, only transshipping at inland intermodal terminal j with the long-haul travel by barge or rail, ∀i∈I, ∀s∈S, ∀j∈H



	Qijks
	TEU flows from inland city i, firstly collected to inland intermodal terminal j and then routed through terminal k, and finally arrived at gateway seaport s, ∀i∈I, ∀s∈S, ∀j,k∈H
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Table 3. The list of input parameters.
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	Description





	Di
	Transportation demand of city i



	    μ i    
	The mean of transportation demand for city i



	    σ i    2    
	The variance of transportation demand forcity i



	p
	A probability distribution ofparameter of transportation demand



	Γ
	Set of probability distributions p



	α
	The lower bound of probability for chance constraint



	Xij
	Total TEU volume of goods from city i to the assigned intermodalterminal j



	Yks
	Total TEU volume of goods from the final intermodalterminal k to gateway seaport s



	Cism, dism
	Unit transport cost, transport distance from inland city i to gateway seaport s by transportation mode m



	Cijm, dijm
	Unit transport cost, transport distance from inland city i to inland intermodal terminal j by transportation mode m



	Cjkm, djkm
	Unit transport cost, transport distance between inland intermodal terminal j and k by transportation mode m



	Cksm, dksm
	Unit transport cost, transport distance from inland intermodal terminal k to gateway seaport s by transportation mode m



	HCjmm’
	Unit container handling cost at inland intermodal terminal j, for transshipment between mode m and mode m′



	SCj
	Unit container storage cost at inland intermodal terminal j



	Uk
	Container handling capacity of inland intermodal terminal k



	Us
	Container handling capacity of gateway seaport s



	em
	CO2 emission rate of transportation mode m



	ejmm’
	CO2 emission rate of handling a TEU at inland intermodal terminal j for transshipment between mode m and mode m′



	ε
	Limitation on network carbon emissions
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Table 4. The mean and standard deviation of transportation demand of inland cities (unit: twenty-foot equivalent unit (TEU)).






Table 4. The mean and standard deviation of transportation demand of inland cities (unit: twenty-foot equivalent unit (TEU)).






















	City No.
	Mean
	Standard Deviation
	City No.
	Mean
	Standard Deviation
	City No.
	Mean
	Standard Deviation
	City No.
	Mean
	Standard Deviation
	City No.
	Mean
	Standard Deviation





	1
	1,817,448
	56,795
	16
	597,304
	26,132
	31
	9335
	584
	46
	6586
	494
	61
	1027
	52



	2
	410,016
	12,813
	17
	255,286
	11,168
	32
	21,575
	1348
	47
	5458
	409
	62
	1398
	70



	3
	97,103
	3035
	18
	222,058
	11,103
	33
	23,724
	1483
	48
	4870
	366
	63
	1054
	53



	4
	71,051
	2220
	19
	26,332
	1316
	34
	272,821
	20,461
	49
	9308
	698
	64
	1324
	66



	5
	9482
	297
	20
	89,750
	4488
	35
	30,337
	2275
	50
	285,409
	21,406
	65
	1810
	90



	6
	35,681
	1115
	21
	35,255
	1762
	36
	48,450
	3634
	51
	161,931
	12,144
	66
	63,857
	3193



	7
	16,311
	509
	22
	26,737
	1337
	37
	38,854
	2914
	52
	16,103
	1208
	67
	3674
	183



	8
	54,174
	1693
	23
	23,352
	1167
	38
	15,862
	1190
	53
	12,975
	973
	68
	17,183
	859



	9
	891,286
	38,994
	24
	28,405
	1420
	39
	17,518
	1314
	54
	7389
	554
	69
	47
	2



	10
	1,134,601
	49,639
	25
	10,737
	537
	40
	19,103
	1433
	55
	4296
	322
	70
	2918
	146



	11
	83,857
	3669
	26
	48,063
	3004
	41
	21,209
	1591
	56
	2925
	220
	71
	12,509
	625



	12
	209,270
	9155
	27
	14,802
	925
	42
	82,092
	6157
	57
	4640
	348
	72
	4249
	213



	13
	172,693
	7555
	28
	27,896
	1743
	43
	10,752
	806
	58
	1918
	144
	
	
	



	14
	120,057
	5252
	29
	19,144
	1197
	44
	7105
	533
	59
	54,022
	2701
	
	
	



	15
	554,651
	24,266
	30
	13,564
	848
	45
	12,747
	956
	60
	5910
	295
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Table 5. Container handling capacity at terminals and seaports (103 TEUs).
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	Inland River Port
	Capacity
	Inland Railway Container Station
	Capacity
	Gateway Seaport
	Capacity





	Suzhou port
	400
	Yiwu
	650
	Shanghai
	5000



	Nanjing port
	500
	Hefei
	260
	Ningbo-Zhoushan
	5000



	Wuhu port
	420
	Bengbu
	50
	
	



	Jiujiang port
	200
	Nanchang
	130
	
	



	Wuhan port
	500
	Wuhan
	200
	
	



	Yueyang port
	200
	Xiangyang
	50
	
	



	Chongqing port
	400
	Changsha
	150
	
	



	Luzhou port
	100
	Chongqing
	50
	
	



	Yibin port
	350
	Chengdu
	200
	
	



	
	
	Guiyang
	60
	
	



	
	
	Kunming
	150
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Table 6. Carbon emissions factors of transportation modes (Unit: kg/(TEU∙km)).
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	Road
	Waterway
	Railway





	Carbon emissions factor
	2.189
	0.423
	0.094
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Table 7. Results of total costs, total emissions, and flow distribution with different optimization objectives (  α = 0.90  ).
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Total Costs/Million US$

	
Total Emissions/Million Tons

	
Flow Distribution




	
Direct Road

	
Waterway/Road Transshipment

	
Rail/Road Transshipment

	
Inter-Terminal Transshipment






	
Cost minimization

	
3255.6

	
4.448

	
61.0%

	
23.8%

	
9.3%

	
5.9%




	
Bi-objective optimization

	
3320.7

	
3.781 (−15.0%) 1

	
60.8%

	
21.3%

	
15.2%

	
2.7%




	
CO2 emissions minimization

	
3511.2

	
3.238 (−27.2%) 1

	
60.6%

	
20.1%

	
19.30%

	
0.0%








1 The value in bracket indicates the percentage of emissions reduction compared to cost minimization model.
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