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Abstract

:

This study investigates a green multimodal routing problem with soft time window. The objective of routing is to minimize the total costs of accomplishing the multimodal transportation of a batch of goods. To improve the feasibility of optimization, this study formulates the routing problem in an uncertain environment where the capacities and carbon emission factors of the travel process and the transfer process in the multimodal network are considered fuzzy. Taking triangular fuzzy numbers to describe the uncertainty, this study proposes a fuzzy nonlinear programming model to deal with the specific routing problem. To make the problem solvable, this study adopts the fuzzy chance-constrained programming approach based on the possibility measure to remove the fuzziness of the proposed model. Furthermore, we use linear inequality constraints to reformulate the nonlinear equality constraints represented by the continuous piecewise linear functions and realize the linearization of the nonlinear programming model to improve the computational efficiency of problem solving. After model processing, we can utilize mathematical programming software to run exact solution algorithms to solve the specific routing problem. A numerical experiment is given to show the feasibility of the proposed model. The sensitivity analysis of the numerical experiment further clarifies how improving the confidence level of the chance constraints to enhance the possibility that the multimodal route planned in advance satisfies the real-time capacity constraint in the actual transportation, i.e., the reliability of the routing, increases both the total costs and carbon emissions of the route. The numerical experiment also finds that charging carbon emissions is not absolutely effective in emission reduction. In this condition, bi-objective analysis indicates the conflicting relationship between lowering transportation activity costs and reducing carbon emissions in routing optimization. The sensitivity of the Pareto solutions concerning the confidence level reveals that reliability, economy, and environmental sustainability are in conflict with each other. Based on the findings of this study, the customer and the multimodal transport operator can organize efficient multimodal transportation, balancing the above objectives using the proposed model.
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1. Introduction


Currently, transportation accounts for 9.17% of carbon emissions in China, and road transportation accounts for 72.3% of total transportation emissions [1]. The transportation industry has been the key to promoting China’s ‘Dual Carbon’ strategy. The Chinese government and industry are focused on optimizing the transportation structure dominated by roads by encouraging the transfer of long-distance freight flows from roads to railways and waterways that are acknowledged as sustainable transportation modes. The aim of optimizing the transportation structure is to establish a multimodal transportation system that can integrate the various advantages of different transportation modes [2]. With the motivation of this national policy, multimodal transportation in China has developed rapidly since 2015. The volume of multimodal transportation has increased from 5.35 million TEU in 2015 to 263.9 million TEU in 2021, with an average annual growth of more than 30%. Compared to road transportation, multimodal transportation significantly reduces transportation costs by 118.5% [3].



Multimodal transportation is suitable for long-distance and bulk transportation, especially for container transportation in this setting. Although it shows a great advantage in reducing cost and improving timeliness compared to unimodal transportation, it still consumes high transportation costs and time, and meanwhile, produces large amounts of carbon emissions, which affects the economy, timeliness, and environmental sustainability of transportation [4]. To improve the quality of the multimodal transportation service, the optimization of routes that are based on the best utilization of transportation resources to meet the demand of customers has become a highlight in the field of transportation planning, which needs mathematical methods to support decision making [5]. In addition to taking cost minimization as the optimization objective, recent multimodal routing studies in the literature have formulated a soft time window to improve the timeliness and flexibility of the transportation service. Fazayeli et al. [6] and Zhang et al. [7] explore the multimodal (location) routing problem with a soft time window under fuzzy demand and propose continuous piecewise linear functions to determine the storage costs and penalty costs caused by the early and delayed delivery of the goods. All studies verify the feasibility of the soft time window, which provides the basis for this article.



To further exploit the potential of multimodal transportation to achieve environmental benefits, multimodal routing studies consider reducing carbon emissions in their optimization. The most widely used method in the existing literature is to charge carbon emissions and formulate carbon emissions as a part of the costs of multimodal transportation, whose minimization is the objective of the routing. Based on this method, Guo et al. [8] discuss the green multimodal routing problem under transportation time uncertainty and build a robust stochastic optimization model. Hrusovsky et al. [9] developed a hybrid simulation and optimization approach for a green multimodal routing problem considering the same uncertainty as Guo et al. [8]. Wang et al. [10] addressed a green multimodal scheduling problem considering seaborn arrival uncertainty. In the existing literature represented by the above studies, the carbon emission factors of transportation activities are the key elements to calculate the emissions of the multimodal route(s) and are modeled as deterministic parameters. However, the carbon emission factors of transportation activities are influenced by various man-machine–environment factors, including but only limited to manual driving and operation, the working environment of the equipment and facility, the fuel type, traffic status, and weather conditions. As a result, it is difficult to accurately determine the emission factors. Moreover, multimodal routing is an advanced work that should be conducted before actual transportation. The constantly changing factors mentioned above make it impossible to predict the carbon emission factors of transportation activities in advanced routing. Consequently, the carbon emission factors are uncertain. Currently, only Sun et al. [2,4] considered carbon emission factor uncertainty in multimodal routing. However, this consideration is only associated with the travel process of road transportation rather than with the entire multimodal network.



In addition to the uncertainty of carbon emission factors, the capacity of a multimodal network is also uncertain in the routing phase. The total capacity of the network cannot be fully saved for a certain transportation order/task. It becomes occupied by other transportation orders/tasks that are difficult to know and predicate. The available capacity increases or decreases when other transportation orders/tasks start or end. Additionally, some influencing factors (e.g., bad weather, accidents, and breakdowns) also worsen the stability of the capacity. Therefore, it is difficult to exactly determine the capacity available for multimodal routing. The capacity for multimodal routing is, therefore, uncertain. However, recent relevant studies focus on multimodal routing under capacity certainty. A few studies can be found that cope with capacity uncertainty. Uddin & Huynh [11] fit the probability distribution of capacity uncertainty and use stochastic programming to model the road-rail multimodal routing problem with arc transportation capacity and node transfer capacity uncertainty. Lu et al. [12] presented an international road-rail multimodal location-routing problem constrained by triangular fuzzy capacity. Sun et al. [2,4,13] explored a road-rail multimodal routing problem considering trapezoidal fuzzy capacity. Both Lu et al. [12] and Sun et al. [2,4,13] developed chance-constrained programming models for their specific problems.



Above all, existing studies widely investigate the multimodal routing problem and obtain solid progress. However, in green multimodal routing, the current studies neglect the uncertainty of carbon emission factors in transportation activities. The performance and feasibility of charging carbon emissions on emission reduction are not adequately analyzed in these works. There are studies showing that this emission reduction method depends on extremely high unit emission costs to lower emissions [14], making its performance evaluation and feasibility analysis meaningful. Regarding capacity uncertainty, the stochastic programming used by Uddin & Huynh [11] requires large numbers of historical data to fit the probability distribution of uncertainty. However, enough reliable historical data are unattainable in most cases [15]. As an effective alternative, fuzzy numbers based on the fuzzy set theory can be adopted to model the uncertainty [16], in which limited historical information and decision makers’ expertise can be combined to determine the presentation of uncertainty easily. The fuzzy programming model can thereby be established to formulate the optimization problem under uncertainty [17]. Although adopting fuzzy programming is a more feasible method, Lu et al. [12] and Sun et al. [2,4,13] considered that only railway transportation yields capacity uncertainty in its travel process and consequently makes the formulation of the capacity uncertainty of the multimodal network incomplete. To the best of our knowledge, there are few articles that comprehensively model the capacity uncertainty and carbon emission factor uncertainty of the entire multimodal network when studying the green multimodal routing problem with soft time window.



To fix these research weaknesses, this study explores a green multimodal routing problem with soft time window under twofold uncertainty. The following works were conducted in our study:




	(1)

	
Using triangular fuzzy numbers, the most commonly used form of fuzzy numbers [18], to describe the capacity uncertainty and carbon emission factor uncertainty of the travel process and transfer process in the multimodal network;




	(2)

	
Building a fuzzy nonlinear optimization model, the aim of which was to minimize the total travel costs, transfer costs, storage costs, penalty costs, and carbon emission costs;




	(3)

	
Adopting the fuzzy chance-constrained programming approach that is the most successful method applied in fuzzy optimization [19] to make the problem solvable and further use linearization transformation to improve the computational efficiency of problem solving by overcoming the difficulty of finding a global optimum solution to the nonlinear programming model;




	(4)

	
Presenting a systematic numerical experiment in which we discuss the influence of improving the confidence level of the chance constraints on the total costs and carbon emissions of the routing, evaluate the performance and feasibility of the emission-charging method, and analyze the relationship among the economy, environmental sustainability, and reliability of the routing.










2. Problem Description


In this study, we consider the railway–road–waterway multimodal transportation for a batch of goods carried by standardized TEU containers. The goods have a fixed departure time at the origin and yield a deterministic time window at the destination. When the goods arrive at the destination later than the upper bound of the time window, penalty costs should be paid, as the delay could cause economic loss to the receiver. When the goods arrive at the destination earlier than the lower bound of the time window, they should be stored before the further processing of the receiver. In this case, the storage costs should be paid. Penalty costs and storage costs are integrated into the total costs. By reducing the total costs, the penalty costs and storage costs can be reduced, and the timeliness of multimodal transportation can be strengthened.



In multimodal routing, we assume that the goods volume, transportation origin and destination, fixed departure time, and time window are all known and deterministic. The multimodal network is also deterministic, in which the network structure and the parameters that govern time and costs are known and deterministic. Finally, we assume that the goods are unsplittable during the entire transportation process.



This study formulates the uncertainty of both capacities and carbon emission factors of the multimodal network when modeling multimodal routing. We use    a ˜  =    a   1    ,  a   2    ,  a   3        to denote an uncertain parameter. When    a ˜    is a random parameter in stochastic programming,    a   1      and    a   3      determine the support of the random parameter, and    a   2      can be presented by the expectation. However, considering the limitations of stochastic programming, this study uses fuzzy programming to deal with the routing problem under twofold uncertainty, in which    a ˜    represents a triangular fuzzy parameter. In this case,    a   1      and    a   3      are the minimum and maximum possible values of    a ˜   , respectively, and    a   2      is its most likely value.    a   1      and    a   3      reflect two extreme conditions and appear in practice at a low possibility, while    a   2      represents the condition of    a ˜    in most cases. For triangular fuzzy capacity,    a   1      and    a   3      show the conditions in which the multimodal network suffers capacity shortage and has sufficient capacity, respectively. On the contrary, for a triangular fuzzy carbon emission factor,    a   1      and    a   3      separately represent the best and worst conditions. For any triangular fuzzy parameters,    a   2      gives their conditions in most cases. As a result, the triangular fuzzy number can include all the possible conditions of an uncertain parameter.




3. Optimization Model


3.1. Notation


	(1)

	
Sets, indices, and parameters







  G =   N , A , M    : a multimodal network in which  N ,  A  and  M  represent the sets of nodes, arcs and transportation modes, respectively.



 i ,  j ,  k : indices of nodes and  i ,  j ,   k ∈ N  .



    i , j    : arc from node  i  to node  j , and     i , j   ∈ A  .



 r ,  s : indices of transportation modes, and  r ,   s ∈ M  .



   N  → j    : predecessor node set to node  j , and    N  → j   ⊆ N  .



   N  j →    : successor node set to node  j , and    N  j →   ⊆ N  .



   M j   : transportation mode set to connecting node  j , and    M j  ⊆ M  .



   M  i j    : transportation mode set on arc     i , j    , and    M  i j   ⊆ M  .



   d  i j r    : travel distance of transportation mode  r  on arc     i , j     (unit: km).



   v  i j r    : travel speed of transportation mode  r  on arc     i , j     (unit: km/h).



   t j  r s    : unit of time to transfer goods from transportation mode  r  to transportation mode  s  at node  j  (unit: h/TEU).



     τ ˜    i j r   =    τ  i j r    1    ,  τ  i j r    2    ,  τ  i j r    3       : triangular fuzzy capacity of transportation mode  r  on arc     i , j     (unit: TEU).



     τ ˜   j  r s   =    τ j  r s  1    ,  τ j  r s  2    ,  τ j  r s  3       : triangular fuzzy capacity to transfer goods from transportation mode  r  to transportation mode  s  at node  j  (unit: TEU).



     e ˜    i j r   =    e  i j r    1    ,  e  i j r    2    ,  e  i j r    3       : triangular fuzzy carbon emission factor of transportation mode  r  on arc     i , j     (unit: kg/TEU·km).



     e ˜   j  r s   =    e j  r s  1    ,  e j  r s  2    ,  e j  r s  3       : triangular fuzzy carbon emission factors to transfer the goods from transportation mode  r  to transportation mode  s  at node  j  (unit: kg/TEU).



   c  i j r    : unit travel costs of transportation mode  r  on arc     i , j     (unit: CNY/TEU).



   c j  r s    : unit costs of transferring the goods from transportation mode  r  to transportation mode  s  at node  j  (unit: CNY/TEU).



   c  c a r b o n    : unit carbon emissions costs (unit: CNY/kg).



   c  s t o r e    : unit storage costs at the destination (unit: CNY/TEU·h).



   c  p e n a l t y    : unit penalty costs at the destination (unit: CNY/TEU·h).



 o : index of the origin and   o ∈ N  .



 d : index of the destination and   d ∈ N  .



   t o   : departure time of the goods at the origin.



 q : volume of the goods (unit: TEU).



    t  w 1  , t  w 2     : time window at the destination.



	(2)

	
Variables







   x  i j r    : 0–1 variable. If the goods are moved by transportation mode  r  on arc     i , j    ,   x  i j r   = 1  , otherwise,    x  i j r   = 0  .



   y j  r s    : 0–1 variable. If the goods are transferred from transportation mode  r  to transportation mode  s  at node  j ,    y j  r s   = 1  ; otherwise,    y j  r s   = 0  .



 η : non-negative variable representing the period from the arrival time of the goods at the destination to the lower bound of the time window for early delivery (unit: h).



 θ : non-negative variable representing the period from the upper bound of the time window to the arrival time of the goods at the destination for delayed delivery (unit: h).




3.2. Fuzzy Nonlinear Programming Model



     min   ∑    i , j   ∈ A      ∑  r ∈  M  i j       c  i j r   ⋅ q ⋅  x  i j r       +   ∑  j ∈ N      ∑  r ∈  M j       ∑  s ∈  M j      c j  r s   ⋅ q ⋅  y j  r s             +  c  s t o r e   ⋅ q ⋅ η +  c  p e n a l t y   ⋅ q ⋅ θ     +  c  c a r b o n   ⋅     ∑    i , j   ∈ A      ∑  r ∈  M  i j         e ˜    i j r   ⋅ q ⋅  d  i j r   ⋅  x  i j r       +   ∑  j ∈ N      ∑  r ∈  M j       ∑  s ∈  M j        e ˜   j  r s   ⋅ q ⋅  y j  r s               



(1)





s.t.


    ∑  i ∈  N  → j        ∑  r ∈  M  i j       x  i j r       −   ∑  k ∈  N  j →        ∑  s ∈  M  j k       x  j k s       =       − 1     j = o      0    ∀ j ∈ N \   o , d        1    j = d        



(2)






        ∑  r ∈  M  i j       x  i j r     ≤ 1     ∀   i , j   ∈ A      



(3)






        ∑  r ∈  M j       ∑  s ∈  M j      y j  r s       ≤ 1     ∀ j ∈ N \   o , d        



(4)






     ∑  i ∈  N  → j       x  i j r     =   ∑  s ∈  M j      y j  r s          ∀ j ∈ N \   o , d     ∀ r ∈  M j     



(5)






    ∑  r ∈  M j      y j  r s     =    ∑  k ∈  N  j →       x  j k s          ∀ j ∈ N \   o , d     ∀ s ∈  M j     



(6)






  η = max   t  w 1  −    t o  +   ∑    i , j   ∈ A      ∑  r ∈  M  i j         d  i j r      v  i j r     ⋅  x  i j r       +   ∑  j ∈ N      ∑  r ∈  M j       ∑  s ∈  M j      t j  r s   ⋅ q ⋅  y j  r s           , 0    



(7)






  θ = max      t o  +   ∑    i , j   ∈ A      ∑  r ∈  M  i j         d  i j r      v  i j r     ⋅  x  i j r       +   ∑  j ∈ N      ∑  r ∈  M j       ∑  s ∈  M j      t j  r s   ⋅ q ⋅  y j  r s           − t  w 2  , 0    



(8)






    x  i j r   ⋅ q ≤    τ ˜    i j r        ∀   i , j   ∈ A   ∀ r ∈  M  i j      



(9)






    y j  r s   ⋅ q ≤    τ ˜   j  r s        ∀ j ∈ N \   o , d        ∀ r ∈  M j      ∀ s ∈  M j      



(10)






    x  i j r   ∈   0 , 1        ∀   i , j   ∈ A     ∀ r ∈  M  i j      



(11)






    y j  r s   ∈   0 , 1        ∀ j ∈ N \   o , d        ∀ r ∈  M j      ∀ s ∈  M j      



(12)






  η ≥ 0  



(13)






  θ ≥ 0  



(14)







In the optimization model, Equation (1) is the objective function that minimizes the total costs of accomplishing multimodal transportation. The objective function consists of five formulas that successively represent the travel costs, transfer costs, storage costs, penalty costs, and carbon emission costs. Equation (2) is the constraint to the equilibrium of the flow of goods. It ensures that the selected transportation modes on the route are smoothly connected at the nodes to link the origin and destination. Equations (3) and (4) ensure that the goods are unsplittable in the travel process and transfer process of multimodal transportation. Equations (5) and (6) ensure that the travel process and transfer process are connected smoothly at the transfer nodes on the planned route; that is, when the goods arrive at a transfer node by a transportation mode, they will be transferred from this mode to another one at the node, and vice versa. Equations (7) and (8) use the continuous piecewise linear function to calculate the storage and penalty periods caused by the early and delayed delivery of the goods at the destination. Equations (9) and (10) are the capacity constraints to ensure that the volume of goods does not exceed the travel capacity of the selected transportation mode and the transfer capacity between the two selected transportation modes at the selected node on the planned route. Equations (11)–(14) are the constraints of the variable domain.





4. Model Processing


The model proposed in Section 3.2 cannot be solved straightforwardly since it contains imprecise information on both the objective function and the constraints. Thus, we should process the model to realize its defuzzification to ensure the multimodal routing problem under uncertainty is solvable. In this study, we used the chance-constrained programming approach to obtain the crisp reformulation that is equivalent to the initial fuzzy optimization model. The chance-constrained programming approach first uses the fuzzy expected value operator to generate the crisp objective function of the model and then transforms the fuzzy constraints into chance constraints [20].



Consequently, the objective of the crisp model is to minimize the fuzzy expected value of the initial fuzzy objective. Both the fuzzy expected value operator and the fuzzy objective function (1) are linear. Therefore, only the fuzzy carbon emissions in Equation (1) should be converted into their fuzzy expected value, as shown in Equation (15).


    E     ∑    i , j   ∈ A      ∑  r ∈  M  i j         e ˜    i j r   ⋅ q ⋅  x  i j r       +   ∑  j ∈ N      ∑  r ∈  M j       ∑  s ∈  M j        e ˜   j  r s   ⋅ q ⋅  y j  r s               =   ∑    i , j   ∈ A      ∑  r ∈  M  i j      E      e ˜    i j r     ⋅ q ⋅  d  i j r   ⋅  x  i j r       +   ∑  j ∈ N      ∑  r ∈  M j       ∑  s ∈  M j     E      e ˜   j  r s     ⋅ q ⋅  y j  r s             =   ∑    i , j   ∈ A      ∑  r ∈  M  i j         e  i j r    1    + 2 ⋅  e  i j r    2    +  e  i j r    3     4  ⋅ q ⋅  d  i j r   ⋅  x  i j r       +   ∑  j ∈ N      ∑  r ∈  M j       ∑  s ∈  M j        e  j   r s  1    + 2 ⋅  e  j   r s  2    +  e  j   r s  3     4  ⋅ q ⋅  y j  r s            



(15)







By replacing fuzzy carbon emissions, as shown in Equation (15), we can obtain a crisp objective function, as indicated by Equation (16):


    min   ∑    i , j   ∈ A      ∑  r ∈  M  i j       c  i j r   ⋅ q ⋅  x  i j r       +   ∑  j ∈ N      ∑  r ∈  M j       ∑  s ∈  M j      c j  r s   ⋅ q ⋅  y j  r s             +  c  s t o r e   ⋅ q ⋅ η +  c  p e n a l t y   ⋅ q ⋅ θ     +  c  c a r b o n   ⋅     ∑    i , j   ∈ A      ∑  r ∈  M  i j         e  i j r    1    + 2 ⋅  e  i j r    2    +  e  i j r    3     4  ⋅ q ⋅  d  i j r   ⋅  x  i j r       +   ∑  j ∈ N      ∑  r ∈  M j       ∑  s ∈  M j        e  j   r s  1    + 2 ⋅  e  j   r s  2    +  e  j   r s  3     4  ⋅ q ⋅  y j  r s              



(16)







The chance-constrained programming approach then transforms the fuzzy constraints, i.e., Equations (9) and (10), into their respective chance constraints. Based on the possibility measure [21], the chance constraint reformulations of Equations (8) and (10) are shown as Equations (17) and (18), respectively.


  P o s     x  i j r   ⋅ q ≤    τ ˜    i j r     ≥ α      ∀   i , j   ∈ A     ∀ r ∈  M  i j      



(17)






  P o s     y j  r s   ⋅ q ≤    τ ˜   j  r s     ≥ α      ∀ j ∈ N \   o , d        ∀ r ∈  M j      ∀ s ∈  M j      



(18)







The chance constraints shown as Equations (17) and (18) mean that the possibility that the volume of goods does not exceed the two types of fuzzy capacities of the planned route should not be lower than a given confidence level denoted by  α .   α ∈   0 , 1     is determined by the customer according to his/her preference. The higher  α  is, the higher the possibility that the planned route satisfies real-time capacity constraints in the actual transportation, which means that the planned route is more reliable in practice.



We took a non-negative triangular fuzzy number    a ˜  =    a   1    ,  a   2    ,  a   3       , and a non-negative deterministic number  b . According to Peykani et al. [22], the possibility that  b  is bigger than or equal to    a ˜    can be calculated by Equation (19).


  P o s    a ˜  ≥ b   =      1     if    b ≤  a   2             a   3    − b    a   3    −  a   2           if     a   2    ≤ b ≤  a   3         0     if    b ≥  a   3           



(19)







When there is a confidence level  α ,   P o s    a ˜  ≥ b   ≥ α   can be rewritten as Equation (20). Equation (20) realizes the defuzzification of the chance constraint.


  P o s    a ˜  ≥ b   ≥ α ⇔    a   3    − b    a   3    −  a   2      ≥ α ⇔   1 − α   ⋅  a   3    + α ⋅  a   2    ≥ b  



(20)







According to Equation (20), Equations (17) and (18) are equivalent to Equations (21) and (22) that are crisp, respectively.


        1 − α   ⋅  τ  i j r    3    + α ⋅  τ  i j r    2    ≥  x  i j r   ⋅ q         ∀   i , j   ∈ A     ∀ r ∈  M  i j            



(21)






        1 − α   ⋅  τ j  r s  3    + α ⋅  τ j  r s  2    ≥  y j  r s   ⋅ q         ∀ j ∈ N \   o , d           ∀ r ∈  M j      ∀ s ∈  M j               



(22)







Based on the model processing given above, we can obtain a fuzzy chance-constrained model for the specific multimodal routing problem. The objective of this model is Equation (16), and the constraint set includes Equations (2)–(8), (11)–(14), (21) and (22). This model removes the fuzziness of the initial model and is, thereby, solvable.



However, the fuzzy chance-constrained model is nonlinear since it contains nonlinear Equations (13) and (14) that use the continuous piecewise linear function. Currently, there is no efficient method to find the global optimum solution to the nonlinear programming models [23]. Therefore, we need to find the linear equivalence of the nonlinear programming model to enable the global optimum solution to be found in acceptable computational time. To improve the computational efficiency, we linearize Equations (13) and (14) to generate their equivalent linear forms as follows. Under the minimization control of variables  η  and  θ  from Equation (16) and their domain constraints, i.e., Equations (13) and (14), nonlinear Equations (7) and (8) can be linearized by Equations (23) and (24), respectively [13].


  η ≥ t  w 1  −    t o  +   ∑    i , j   ∈ A      ∑  r ∈  M  i j         d  i j r      v  i j r     ⋅  x  i j r       +   ∑  j ∈ N      ∑  r ∈  M j       ∑  s ∈  M j      t j  r s   ⋅ q ⋅  y j  r s            



(23)






  θ ≥    t o  +   ∑    i , j   ∈ A      ∑  r ∈  M  i j         d  i j r      v  i j r     ⋅  x  i j r       +   ∑  j ∈ N      ∑  r ∈  M j       ∑  s ∈  M j      t j  r s   ⋅ q ⋅  y j  r s           − t  w 2   



(24)







After the linearization, we obtained a mixed integer linear optimization model for the problem. Although this model belongs to the multi-parameter optimization models, its linearity characteristic enables it to be efficiently solved using the exact solution algorithms implemented by mathematical programming software. The successful use of this standard method can be found in the work of Xie et al. [24] and Zandkarimkhani et al. [25]. Therefore, this study uses the mathematical programming software Lingo to run the Branch-and-Bound algorithm to solve the specific multimodal routing problem formulated by the proposed linear programming model. Based on this method, we can obtain the global optimum solution to the problem.




5. Numerical Experiment


With reference to Sun & Lang [26], this study designed a numerical experiment in the Chinese scenario, in which the multimodal network is illustrated in Figure 1.



This numerical experiment assumes that a batch of goods should be moved from Node 1 to Node 35. The goods are carried by 20 ft containers, and the volume is 40 TEU. The goods depart from the origin at 7:00 on the first day, and their time window at the destination is 13:00 to 19:00 on the second day. Unit storage costs are CNY 10/TEU·h, and unit penalty costs are CNY 30/TEU·h at the destination.



In the multimodal network, the average travel speeds of railway, road, and waterway transportation are 60 km/h, 80 km/h, and 30 km/h, respectively [27]. The travel distances of these transportation modes on different arcs referred to by Sun & Lang [26]. Furthermore, according to the definition of the triangular fuzzy number, we used the capacities in Reference [26] as the maximum possible capacities and set 70% and 60% as the most likely capacities and minimum possible capacities, respectively, to generate the prominent points of the triangular fuzzy capacities of the multimodal network. In the numerical experiment, the unit costs and time to transfer goods between different transportation modes at the nodes are shown in Table 1 [26].



In the numerical experiment, the unit travel costs of different transportation modes are determined by Equation (25) [28]:


       c  i j r   =       500 + 2.03 ⋅  d  i j r       r = rail       15 + 8 ⋅  d  i j r       r  = road        950     r  = water                ∀   i , j   ∈ A     ∀ r ∈  M  i j            



(25)







This study uses the data presented by Li & Lv [29] as benchmarks to determine the triangular fuzzy carbon emission factors of transportation activities, which can be seen in Table 2 and Table 3. Furthermore, the unit carbon emission costs are set at CNY 10/kg, according to Yuan et al. [30].



Under a confidence level of 0.8, we used mathematical programming software Lingo version 12 in a ThinkPad Laptop with Intel Core i5-5200U 2.20 GHz CPU and 8 GB RAM to run the Branch-and-Bound algorithm to solve the problem efficiently and obtain the planned route for the goods shown in Table 4.



In this study, the confidence level reflects the customer’s preference for the reliability of transportation. To analyze the influence of the confidence level on the optimization results, we took 0.1 as the step and calculated the total costs of the planned routes under different confidence levels from 0.1 to 1.0. The results of this sensitivity are indicated in Figure 2.



As seen in Figure 2, improving the confidence level of the chance constraints increases the total costs of the planned route stepwise. The improvement of the confidence level represents the enhancement of the reliability of the routing. Consequently, we can conclude that the economy and reliability of routing are in conflict with each other. Improving one objective worsens the other one. Based on the sensitivity indicated in Figure 2, the customer can make tradeoffs between the total costs and the reliability of the routing based on his/her preference. The multimodal transport operator can then plan the best multimodal route using the model given in our study.



Meanwhile, this study calculates the carbon emissions of the planned route under different confidence levels and obtains the sensitivity illustrated in Figure 3.



As indicated in Figure 3, the carbon emissions of the planned route increase with the improvement of the confidence level in a stepwise manner. Therefore, the reliability and environmental sustainability of the route are also in conflict with each other. The increase in carbon emissions is an important reason that leads to the increase in the total costs of the planned route.



Under a confidence level of 0.5, this study analyzes the sensitivity of the carbon emissions of the planned route concerning the unit emission costs. When unit emission costs increase from CNY 10/kg to CNY 100/kg with a step of CNY 10/kg, the variations in the total costs, carbon emission costs, and transportation activity costs (the sum of travel costs, transfer costs, storage costs, and penalty costs) of the planned route are those shown in Figure 4.



Figure 4 clarifies that the transportation activity costs remain the same since the planned route is unchanged. The increase in the total costs only results from the increase in the unit carbon emission costs. Therefore, charging carbon emissions does not contribute to emission reduction. Under this condition, the emission reduction method is unfeasible, which verifies that charging carbon emissions does not always work in all cases.



In this case, we discuss the bi-objective optimization for the green multimodal routing problem that takes the minimization of transportation activity costs and carbon emissions as two separate objectives. In bi-objective optimization, the economic objective and environmental objective are Equations (26) and (27), respectively, and the constraint set includes Equations (2)–(6), (11)–(14), and (21)–(24).


  min  f 1  =   ∑    i , j   ∈ A      ∑  r ∈  M  i j       c  i j r   ⋅ q ⋅  x  i j r       +   ∑  j ∈ N      ∑  r ∈  M j       ∑  s ∈  M j      c j  r s   ⋅ q ⋅  y j  r s         +  c  s t o r e   ⋅ q ⋅ η +  c  p e n a l t y   ⋅ q ⋅ θ  



(26)






  min  f 2  =   ∑    i , j   ∈ A      ∑  r ∈  M  i j         e  i j r    1    + 2 ⋅  e  i j r    2    +  e  i j r    3     4  ⋅ q ⋅  d  i j r   ⋅  x  i j r       +   ∑  j ∈ N      ∑  r ∈  M j       ∑  s ∈  M j        e  j   r s  1    + 2 ⋅  e  j   r s  2    +  e  j   r s  3     4  ⋅ q ⋅  y j  r s          



(27)







In this study, we adopted the weighted compromise method [31] to solve the bi-objective optimization model by converting the two objectives into a single one, as shown in Equation (28). In Equation (28),    f 1  min     and    f 2  min     are the optimum values of the economic and environmental objective functions, while    f 1  max     and    f 2  max     are the objective function values when another one reaches its optimum. By modifying the weight  λ  assigned to the economic objective within its domain, as indicated by Equation (29), we can obtain the Pareto solutions to the problem.


  min λ ⋅    f 1  −  f 1  min      f 1  max   −  f 1  min     +   1 − λ   ⋅    f 2  −  f 2  min      f 2  max   −  f 2  min      



(28)






  0 ≤ λ ≤ 1  



(29)







When confidence levels are 0.3, 0.5, and 0.7, the Pareto solutions generated by the weighted compromise method are shown in Figure 5.



As we can see from Figure 5, bi-objective optimization is more effective than the emission-charging method in reducing carbon emissions when the confidence level is 0.5. Figure 5 clarifies that lowering the transportation activity costs and reducing carbon emissions are the two conflicting objectives of the multimodal routing problem and cannot reach their respective optimum simultaneously. Furthermore, improving the confidence level makes Pareto solutions move to the upper right, which means that improving the reliability worsens both the economy and environmental sustainability of the routing. Based on the sensitivity of Figure 5, we found conflicting relationships among the economy, environmental sustainability, and reliability of the multimodal routing. Therefore, the customer and the multimodal transport operator can make tradeoffs among these three objectives. A multimodal routing scheme that achieves the best comprehensive performance on the objectives can be planned by comparing the various solutions using multiple attribute decision-making methods (e.g., the Analytic Hierarchy Process method).




6. Conclusions


In this study, we explore a green multimodal routing problem with soft time window under capacity and carbon emission factor uncertainty. Triangular fuzzy numbers are used to model the twofold uncertainty of the entire multimodal network, and a fuzzy nonlinear optimization model is accordingly established to deal with the problem. We used a chance-constrained programming approach and linearization transformation to process the model to make the problem easily solvable. The findings from the numerical experiment are summarized as follows:




	(1)

	
Improving the confidence level increases the total costs of the planned route, which means that the customer needs to prepare more budget for transportation if more reliable transportation is demanded.




	(2)

	
Charging carbon emissions is not always effective in the emission reduction in multimodal routing. As an alternative, bi-objective optimization can provide Pareto solutions to help the customer and multimodal transport operator make tradeoffs between lowering the transportation activity costs and reducing carbon emissions.




	(3)

	
When planning a green multimodal route, the multimodal transport operator should first test the feasibility of the emission charging method to avoid extra costs brought to the customer without any helpful effects.




	(4)

	
In the bi-objective optimization framework, improving the confidence level increases both the transportation activity costs and carbon emissions of the planned route, which means that the economy, environmental sustainability, and reliability of the multimodal routing in this case are in conflict with each other.




	(5)

	
The proposed model can effectively deal with twofold uncertainty and help the customer and the multimodal transport operator to plan the best multimodal route based on their attitudes toward the three objectives.









Based on the conclusions above, in practical decision making, the multimodal transport operator can first help the customer determine a suitable confidence level with reference to the sensitivity analysis. The customer can select the confidence level that satisfies his/her attitude on the reliability of transportation. Then, the multimodal transport operator should check the feasibility of the emission charging method compared to the bi-objective optimization under the given confidence level. If this method is feasible, the multimodal transport operator can, hence, plan the multimodal route based on the prescribed unit emission costs. Otherwise, the multimodal transport operator needs to provide the customers with Pareto solutions for bi-objective optimization. The customer finally makes the decision by making tradeoffs between improving the economy and enhancing the environmental sustainability of transportation. In this case, the customer’s decision might be influenced by the low carbon policy, the willingness of the sustainable development of the company, and the budget for transportation that the customer can afford. However, the proposed optimization model can always find the best solution for the customer and the multimodal transport operator once they determine their attitudes toward the economy, environmental sustainability, and reliability.
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Figure 1. Multimodal network in the numerical experiment [26]. 
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Figure 2. Sensitivity of the total costs of the planned route concerning confidence level. 
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Figure 3. Sensitivity of the carbon emissions of the planned route concerning the confidence level. 






Figure 3. Sensitivity of the carbon emissions of the planned route concerning the confidence level.



[image: Axioms 13 00200 g003]







[image: Axioms 13 00200 g004] 





Figure 4. Sensitivity of the costs of the planned route concerning the unit carbon emission costs under a confidence level of 0.5. 
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Figure 5. Pareto solutions to the multi-objective multimodal routing optimization under different confidence levels. 
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Table 1. Unit costs and time to transfer goods between different transportation modes.






Table 1. Unit costs and time to transfer goods between different transportation modes.





	Node Transfer Types
	Unit Transfer Time (min/TEU)
	Unit Transfer Costs (CNY/TEU)





	Railway ↔ Road
	4
	5



	Railway ↔ Waterway
	8
	7



	Road ↔ Waterway
	6
	10










 





Table 2. Triangular fuzzy carbon emission factors of different transportation modes.
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	Transportation Modes
	Railway
	Road
	Waterway





	Emission factors (kg/TEU·km)
	(0.065, 0.076, 0.084)
	(2.155, 2.480, 2.650)
	(0.075, 0.088, 0.096)










 





Table 3. Triangular fuzzy carbon emission factors to transfer goods between different transportation modes.






Table 3. Triangular fuzzy carbon emission factors to transfer goods between different transportation modes.





	Node Transfer Types
	Emission Factors (kg/TEU)





	Railway ↔ Road
	(4.20, 5.06, 5.75)



	Railway ↔ Waterway
	(5.25, 5.80, 6.43)



	Road ↔ Waterway
	(5.05, 5.54, 6.03)










 





Table 4. Planned route with confidence level of 0.8.






Table 4. Planned route with confidence level of 0.8.





	Multimodal Route
	Total Costs (CNY)
	Carbon Emissions (kg)





	1—road transportation→2—railway transportation→8—railway transportation→9—road transportation→13—railway transportation→24—railway transportation→31—waterway transportation→32—railway transportation→34—road transportation→35
	568,389
	25,570
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