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Abstract

:

Due to the impact of COVID-19, enterprises need effective pricing strategies to improve profits and viability. In order to fill research gaps in the literature relating to market competition among different freight modes and to adjust the freight transportation structure by optimizing transportation prices, we propose a multi-objective bi-level programming pricing model that considers market competition and the carbon emissions of the freight system in China. First, an objective function in upper-level planning was used to improve logistics enterprise profits and reduce the total carbon emissions of the freight system. Then, a generalized cost function for the freight transportation mode was designed to quantify the market competition among different transportation modes, and a user equilibrium assignment model was established to obtain the results of cargo flow assignment in lower-level planning. To solve the model, a sensitivity analysis algorithm was designed, and a logistics network example was used to verify the effectiveness of the model. The experimental results show that reasonable freight price adjustment can effectively increase enterprise profits and reduce the total carbon emissions of the freight system. In this paper, we provide a new method for freight pricing research, considering the market competition of multiple transportation modes, and provide a new idea for adjusting the transportation structure through freight price optimization, which will play a positive role in promoting the development of green freight.
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1. Introduction


In 2020, COVID-19 had a serious impact on the international political and economic situation. The global supply chain was affected to varying degrees, and higher requirements for cost control and chain safety and reliability were recommended for the logistics system, generally. At the same time, with increases in global warming, the highest temperature in Antarctica exceeded 20 °C in 2020, and ecological environment protection and green development have become priorities for all sectors of society. Modern transportation has become an important economic activity. Carbon emissions from transportation account for more than 20% of global carbon dioxide emissions, most of which come from fossil fuels [1]. In recent years, the contribution of China’s transportation industry’s carbon dioxide emissions has increased to 18–20% of China’s total carbon emissions [2]. Hence, when considering carbon emissions, it is necessary to study the pricing strategy for green freight transportation in order to adjust the transportation structure and optimize the logistics costs of the supply chain system.



Due to the large-scale spread of COVID-19, the operating costs of some logistics enterprises are rising, and, at the same time, their income is falling (see Section 3.1 for data analysis). In order to improve the profitability of logistics enterprises and promote the green development of freight transportation, we propose a pricing method for freight transportation enterprises that considers their operating profit, the competition between different transportation modes, and the total carbon emissions of the transportation system. For this paper, the pricing method for railway express freight transportation has been studied in particular. However, the contemporary literature shows that it is rare to use a bi-level programming model to study pricing problems for railway express freight transportation. In addition, considering market competition, enterprise profits, carbon emissions, and carbon emission charges for one freight transport pricing model is relatively rare.



In order to solve freight transportation pricing problems while also considering enterprise profits and carbon emissions, we compared and analyzed the applicability of game theory, a dynamic pricing method, a bi-level programming model, and other optimization models in pricing problem research. Then, combined with the characteristics and application scope of the bi-level programming model, we used it to solve the pricing problem that considers market competition and the carbon emissions of the freight system in this paper. Referring to the relevant literature and inspired by the generalized cost function for passenger transport planning models, a generalized cost function for different transportation modes and a user behavior selection model were designed. From the literature review analysis to the model and method selection, parameter design, and example analysis, the research process for this paper is presented in Figure 1.




2. Literature Review


2.1. Comparative Analysis of Different Pricing Methods


In order to find a suitable pricing model, we have extensively studied the literature on passenger transportation pricing, freight transportation pricing, and logistics pricing. In existing studies, many optimization models have been used in the study of transportation pricing, such as the game theory model, the dynamic programming model, and the bi-level programming model.



In their application of the game theory model, Wang et al. [3] considered the competitive relationship between different ports and proposed a port services pricing model based on game theory, with the goal of maximizing port enterprise profits. In their study, they established a user choice behavior model of port services, which provided an appropriate reference value for this paper in order to build a cargo flow assignment model. However, their research failed to consider the competitive relationship between different transportation modes. Xiao and Liu [4] proposed a game theory model to study the pricing strategy for maritime transportation costs, considering revenue management factors and the usage of empty containers. They considered the influence of transportation costs, the subjective values assigned to the containers by the owners, the arrival rate of owners, and changes in initial container slot allocation on the pricing of shipping enterprises, which provided a reference for the design of the generalized cost function for different freight modes used in this paper. Arbib et al. [5] established a three-level non-capacitated location/pricing problem, in which the pricing strategies of different suppliers were considered first, and the decisions of customers were considered second. They set the maximizing of enterprise profit as the optimization objective, but in the process of solving the model, some enterprises (such as enterprise A) needed to make price decisions first and then other enterprises were able to adjust their own pricing according to the price strategies of enterprise A.



In the application of a dynamic pricing method considering competition, Song et al. [6] proposed an optimization model of dynamic pricing for a high-speed railway, which considered the passenger flow demand in different ticket periods. However, in their model, only the influence of railway passenger transport in different transport periods is considered; the competitive relationship between railway, highway, and air transportation is not considered. This kind of pricing method cannot improve the traffic volume of a specific transportation mode in competition with different transportation modes. Zeng et al. [7] studied the relationship between market demand, logistics enterprise pricing, and price-matching coefficients. Then, the effect of logistics enterprise pricing on shipper booking cost was tested and analyzed. The authors considered the relationship between freight volume and transportation price. However, from a macro perspective, the competition among different transportation modes has not yet been investigated.



Through a detailed analysis of the game theory model and dynamic pricing model, we found that these two models cannot fully reflect market competition among different transportation modes. Therefore, in the next section, we summarize and analyze the bi-level programming model, considering passenger transport pricing.




2.2. Analysis of Bi-Level Programming Model in Transportation Pricing


In the application of various optimization models, the bi-level programming model has widely been used in the study of passenger ticket pricing [8]. The logit model and the improved disaggregated multivariate logit model have often been used to establish the user equilibrium assignment model of passenger travel behavior [9,10,11]. The sensitivity analysis method, fuzzy mathematics method, particle swarm optimization, simulated annealing, and other heuristic algorithms have commonly been used in the study of product pricing model solving [12]. In the modeling of specific problems, Tuffin et al. [13] proposed a product pricing strategy based on satisfaction maximization. They considered the influence of elastic demand level on revenue maximization, which is an effective way to reflect market competition. Ren et al. [14] introduced a finite-state Markov chain to capture the traffic flow dynamics of users and constructed a resource-free congestion pricing model. With increasing attention being paid to energy conservation and emission reduction, Thomas and Frank [15] studied how to solve the environmental protection problem for highway and railway transportation system design from the perspective of reducing greenhouse gas emissions. Chen and Yang [16] discussed the relationship between traffic system carbon emissions and road network congestion, and established a corresponding bi-objective programming model. Zhang and Li [17] considered the correlation between pricing and operation planning strategies, proposing a bi-level model in which the lower level was designed to minimize the customer’s general cost, and the upper level was designed to maximize the revenue of rail operators. The model established in their study provided an appropriate reference value for this paper. Yu et al. [18] proposed a bi-level programming model for an airline’s hub-and-spoke route network design. The locations of hub airports and the selection of both subsidy schemes for aviation markets and O&D passenger flow itineraries were considered as decision variables in the upper-level model, and the pricing decision of market subsidies for each civil aviation transportation airport was treated as the lower-level model. Zhang et al. [19] proposed an improved optimization model that encompassed pricing, carbon emissions, operation planning, and service queuing for an infinite horizon decision process. Jia et al. [20] proposed a rule-based method (used in complex engineering systems) for automated surrogate model selection, and designed a genetic algorithm (GA) to find the appropriate hyperparameters for each selected surrogate model. A detailed literature review of the computational complexity of complex system problems was provided in [21]. Based on their research results, combined with the applicability and convenience of the heuristic algorithm and sensitivity analysis method, we chose the sensitivity analysis method to solve our model.




2.3. Analysis of Green Pricing Method Considering Carbon Emissions


In terms of pricing strategy, and considering the impact of carbon emissions, Chang et al. [22] developed a road pricing model that considered the government, the perspectives of road users, and the ETC (Electronic Toll Collection) agent, seeking to attain greener transportation by leveraging the external costs related to environmental impact and accident potential. This provided an appropriate reference for the design of carbon emission charging parameters in this paper. Saharan et al. [23] presented a detailed review on the application of dynamic pricing technology in a modern intelligent transportation system (ITS). In their study, different evaluation parameters, limitations, and applications of different dynamic pricing techniques were discussed in depth. Williams et al. [24] considered the impact of carbon emissions and studied the design method for a green supply chain system. They built a model of a GSC based on population data, and conducted a sensitivity analysis to study the effect of a carbon tax to encourage a greener system design. A similar study was carried out in [25]. Their design idea for a green supply chain model and the analysis of a carbon tax on greenhouse gas emissions provided an appropriate reference for our study. Han et al. [26] comprehensively analyzed the carbon emissions of China during the period of the COVID-19 pandemic. They studied in detail the relationship between the carbon emissions of the transportation industry and freight/passenger transportation. Their research showed that reasonable adjustment of carbon emissions from the transportation industry was of great significance for reducing national greenhouse gas emissions and promoting green development. This is also one of the main considerations for our study—to demonstrate the impact of greenhouse gas emissions on the pricing of a green freight transportation system. Research in the same field has also been comprehensively analyzed by the authors of [27], who further analyzed the impacts of COVID-19 on global emissions and the Paris Agreement.



Based on the existing research results, we established a multi-objective bi-level programming model for green freight transportation pricing, considering the factors of greenhouse gas emissions, logistics revenue, transportation time, service level, logistics chain reliability, and so forth, in order to provide theoretical support and a reference method for green freight transportation pricing strategy selection in supply chain and logistics enterprises.





3. Influence of COVID-19 and Carbon Emissions on the Choice of Freight Transportation Mode


The spread of COVID-19 has brought disastrous consequences to the world. The medical systems of cities with serious pandemic situations have encountered great pressure and challenges [28,29], and the impact on global economic development, food and health, and energy supplies is incalculable [30,31,32]. In order to fully understand the impact of COVID-19 on global economic development, transportation demand and cost, transportation stability and reliability, and transportation greenhouse gas emissions, in this section, we present a detailed analysis from the above perspectives.



3.1. Transportation Demand and Cost


From the macro-economic point of view, due to the prevalence of COVID-19, the downward pressure of the global economy is increasing. According to the forecast of the International Monetary Fund (IMF) in the April 2021 World Economic Outlook, the growth rate of the global economy in 2020 was −3.3% [33]. This economic recession is far more severe than the economic downturn caused by the international financial crisis in 2008. After the international financial crisis in 2008, the growth rate of the world economy in 2009 was −0.6%, which is far less than the impact of COVID-19 on the global economy in 2020 [34].



From the perspective of the international transportation industry, the IATA Annual Review 2020, released by the International Air Transport Association (IATA), shows that, in 2020, global air cargo ton-kilometers (CTKs) dropped by 11.5% year-on-year [35], which is the largest drop since 1990 (since the beginning of IATA statistics).



In terms of transportation costs, due to the economic downturn, the capital chain of enterprises has been seriously impacted, and sensitivity to transportation costs has significantly enhanced. Alexandre de Juniac, IATA’s chairman and Chief Executive, said the crisis had dealt a merciless and devastating blow to the industry, with airlines cutting costs by 45.8%, but revenue by 60.9% [36]. Therefore, when choosing the transportation mode, logistics enterprises will pay more attention to the logistics cost. It is necessary to select the minimum logistics cost and the maximum logistics revenue as one of the optimization objectives of green freight system pricing to improve the business situation of enterprises.




3.2. Reliability and Stability


In terms of the impact on supply chain stability, COVID-19 has caused the interruption of supply chains throughout the world, which has created great challenges to global supply chain management. Many researchers are concerned about how best to manage the supply chain disruptions caused by COVID-19, including suppliers, manufacturers, and retailers [37]. At the same time, the integration ability, resilience, and sustainability of the world’s supply chains are facing great challenges; a lot of research has been carried out on the sustainability of supply chains [38,39]. A systematic study was carried out by Sarkis [40]; this study provided research guidance for investigating sustainability in supply chains in a post-COVID-19 environment, and theoretical support for environmental, social, and economic sustainability in the post-pandemic period. In summary, how to best help enterprises rebuild their supply chains has become one of the main concerns of scholars.



From the perspective of the domestic transportation industry, concerning China’s freight transportation market, in 2020, air freight was the most volatile, with a 10.2% drop in freight volume, followed by a 3.3% drop in waterway transportation, and a 0.3% drop in road transportation. Railway freight was the least affected, achieving a 3.2% growth, as shown in Table 1 [41]. The fluctuation of freight volume can reflect that in the face of the impact of the pandemic, railway transportation had obvious advantages in terms of stability and reliability, followed by highway transportation. Air transportation was the most affected, with relatively poor stability and reliability.



From Figure 1 we can see that railway transportation is least affected by external environment, meaning its transportation stability is the highest among modes. Air transport is most affected by external factors, and its stability is relatively low. The stability of highway transportation is moderate.




3.3. Carbon Emissions


Global warming threatens all life on Earth. An increasing number of natural disasters are closely related to global climate change. From the impact of COVID-19 on the global environment and economy, the COVID-19 crisis may inform environmental research related to globalization and cooperation, the green transition, and pricing carbon externalities, as well as the role of uncertainty and timing of policy inventions [42]. In order to protect the ecological environment, China aims to adopt more effective policies and measures, strives to make carbon dioxide emissions reach their peak by 2030, and strives to achieve carbon neutrality by 2060. As transportation is one of the important energy consumption and carbon emissions industries, effective control of its carbon emissions plays an important role in protecting the natural environment and suppressing climate warming. The energy consumption and the proportion of energy consumption in China’s transportation industry are shown in Figure 2 [43].



In general, adjusting the transportation structure and optimizing the distribution of freight flow among different transportation modes are among the ways of reducing carbon emissions in the transportation industry. However, reducing the use of fossil energy is one of the most important ways of reducing global warming and greenhouse gas emissions. Shifting from fossil to clean energy sources is a major global challenge, especially for the transportation industry (which accounts for a relatively high proportion of greenhouse gas emissions). The active development of bioenergy and other clean energy sources is an effective way to reduce transportation’s greenhouse gas emissions. The literature [44,45] contains systematic research that applies bioenergy and other clean energy to reduce greenhouse gas emissions. The studies [46,47,48] analyzed how to increase the performance of complex electricity generation systems and BIM-based building projects, and how to reduce environmental costs through logistics optimization. Their research results contribute important reference values to promote the green development of the transportation industry in future research and provide some methods for the development of green freight transportation.





4. Modeling


4.1. Decision-Making Objectives


In order to effectively control carbon emissions in the transportation industry, a multi-objective bi-level programming model for green freight transportation pricing was established based on elastic demand, and the competition among different modes of highway, railway, and air transportation was considered. In this model, upper-level planning describes the decision-making objectives of maximizing enterprise revenue and minimizing system carbon emissions; lower-level planning describes the distribution mode of freight demand among highway, railway, and air transportation modes under competitive conditions.



Equation (1) is the decision-making objective, which is the profit maximization of logistics enterprises, including freight volume, freight transportation price, freight transportation cost, carbon emission charges, and the transportation distance of different transportation modes. Equation (2) is the constraint condition of the freight price parameter, which is between the upper limit and the lower limit of the freight price of a certain transportation mode. The formula of the objective function is as follows:


  max  F 1  =   ∑  w ∈ W     q n w  ⋅ (  p n w  −  c n w  −  γ  ( n )  w  ) ⋅  l w     



(1)






  s  . t   .         p n  w ( min )   ≤  p n w  ≤  p n  w ( max )    



(2)




where    F 1    is the decision-making objective of maximizing the profit of the logistics enterprises.   n ∈ N , N = { 1 , 2 , 3 }   represents the transportation mode  n , and  N  is the set of transportation modes;   n = 1   represents the railway transportation mode,   n = 2   represents the highway transportation mode, and   n = 3   represents the air transportation mode.   w ∈ W   is the number of an OD pair (a pair of one origin point and one destination point, Order Description), and  W  is the set of OD pairs.    q n w  (  q n w  ≥ 0 )   is the freight volume of transportation mode  n ;     ∑  n ∈ N     q n w  =  Q N w     .    Q N w    is the total freight volume of the transportation system.    p n w    is the price of transportation mode  n .    c n w    is the average transportation cost of transportation mode  n .    l w    is the distance between OD pair  w .    p n  w ( min )     represents the average transportation cost of the logistics enterprise (including the cost of carbon emission charges).    p n  w ( max )     is the upper limit of the price    p n w   .    γ  ( n )  w    is the cost of carbon emission charges for different transportation modes, which are charged according to different charging standards that correspond to the total freight volume of different transportation modes in a fixed period.    γ  ( n )  w    is a piecewise function of    q n w   , expressed as follows. For analysis of the impact of carbon emission charges on greenhouse gas emissions, see reference [24]; this impact can be obtained by Equation (3).


   γ  ( n )  w  =  {       γ 1      0 ≤  q n  < a        γ 2      a ≤  q n  < b        γ 3      b ≤  q n         



(3)




where    γ 1   ,    γ 2   , and    γ 3    are fixed parameters of the charging standard.  a  and  b  are fixed parameters of freight volume, which can be converted into energy consumption according to energy intensity parameters and the carbon emissions coefficient. The parameter values are determined according to the total carbon emissions of different transportation modes; we refer to the carbon emissions charging model in [25]. The introduction of carbon emission charge    γ  ( n )  w    is mainly to effectively adjust the transport structure, optimize the carbon emissions of the freight system, and promote environmental protection. The purpose of carbon emissions charging is to limit the freight volume of the high-emission transportation mode and promote the development of a green transportation mode.



To minimize the carbon emissions of the green freight transportation system, the government should actively promote the adjustment of the transportation structure. In our study, the energy consumption of different transportation modes    J n w    is converted into a kilogram of standard coal equivalent (kgce); this can be calculated by Equation (4). Equation (4) includes the following factors: energy consumption factor, freight volume, and the transportation distance of different transportation modes.


   J n w  =  θ n  ×  q n w  ×  l w  ×   10   − 4   ,  



(4)




where    J n w    is the energy consumption of the transportation mode  n , and its unit is kgce.    θ n    is the energy consumption factor of the transportation mode  n , and its unit is kgce/104 t∙km.    l w    is the transportation distance of OD pair  w , and its unit is km. With reference to China’s traffic energy intensity setting requirements for different transportation modes, we set    θ 1  = 85.4  ,    θ 2  = 566.7  , and    θ 3  = 5168.8  . Assuming that the conversion ratio of 2.6 t CO2 emissions from 1 t of standard coal consumption, we set the carbon emissions factor to    δ c  = 2.6  ; then, the total carbon emissions of different transportation modes can be calculated. The objective function for minimizing the carbon emissions of the green freight transportation system can be obtained as follows:


  min  F 2  =   ∑  w ∈ W      ∑  n ∈ N     δ c   J n w       



(5)






  s  . t   .     q n w  ≥ 0  



(6)







Equation (5) is the objective function for minimizing carbon emissions of the green freight transportation system; it includes the carbon emissions factor and the energy consumption of the transportation mode. Equation (6) is the constraint of the objective function, which is where the freight volume of each transportation mode is greater than or equal to 0.




4.2. User Selection Model


Considering the price competition of different transportation modes, the freight demands decrease with an increase in generalized cost; the different transportation modes will reach a stable equilibrium state—the freight flow distribution equilibrium—which conforms to Wardrop’s first principle. We use    Q N w  =  α O   β D  h (  μ  min  w  )   as the demand function.    α O    and    β D    represent the related parameters of the origin node and destination node of the OD pair, respectively.   h (  μ  min  w  )   is a function of    μ  min  w   ; generally,   h ( ∗ )   is a monotonically decreasing function (at least not monotonically increasing)—it needs to meet the condition that if    μ  min  w    increases,    Q N w    will decrease. The following mathematical programming model is used to describe the distribution of freight flow among different transportation modes:


  ( P 1 - 1 )   min Z (  q n w  ,  Q N w  ) =   ∑  w ∈ W      ∑  n ∈ N       ∫ 0   q n w      f n w  ( x ) d x        −   ∑  w ∈ W       ∫ 0   Q N w      D w  − 1   ( x ) d x       



(7)






  s  . t   .      ∑  n ∈ N     q n w    =  Q N w      n ∈ N , w ∈ W  



(8)






   q n w  ≥ 0       n ∈ N , w ∈ W  



(9)




where function    f n w  ( x )   is the generalized cost function for the transportation mode  n , which is on the monotonic increase in freight volume    q n w   , and we set    C n w  =  f n w  (  q n w  ) , ( n ∈ N , w ∈ W )  .    D w  − 1   ( x )   is the inverse function of the freight demand function, which is on the monotonic decrease in total freight demand    Q N w   .



Equation (7) is the objective function for user-generalized cost minimization, which can be calculated by the generalized cost function of the transportation mode and the inverse function of the freight demand function. Equations (8) and (9) are constraints. Constraint (8) is the sum of the freight volume of all transportation modes being equal to the total freight volume. Constraint (9) is the freight volume of each transportation mode being greater than or equal to 0.



In the model, Equation (7) is strictly convex with respect to freight demand, and the solution space of Model (P1-1) is a convex set because Constraint (8) is linear, and Constraint (9) is nonnegative. According to the optimization principle, a strictly convex function defined on a convex set has a unique optimal solution.




4.3. Generalized Cost Function for Different Transportation Modes


The generalized cost is the tangible and intangible consumption of producers in the whole process of production and operation. The generalized cost function for the freight service should include rapidity, punctuality, safety, economy, convenience, service level, and the environmental impact of the transportation process. For this paper, the inverse demand function was selected as the generalized cost function for different transportation modes, and the exponential demand function was selected as the function type of the generalized cost function:    q n w  = exp { τ (  C n w  +  L n w  ) }    , (  n ∈ N , w ∈ W )  , where    C n w    represents the generalized cost of the cargo owner choosing the transportation mode  n ;    L n w    is the utility function of the transportation mode  n ;  τ  is a pending parameter. Additionally, there is    L n w  =   ∑  i = 1  m    α n i   x n i     ,   i = 1 , 2 , … , m ;     n ∈ N ; w ∈ W  , where  i  is the transport attribute of transportation mode  n  between OD pair  w ,   i = 1 , 2 , … , m  ;  m  is the total number of transport attributes of transportation mode  n ;    x n i    indicates the transportation attribute value  i  of transportation mode  n  (such as transportation time, convenience, safety, etc.);    α n i  (  α n i  ≥ 0 )   is a pending parameter. Then, the inverse demand function is obtained as    D w  − 1   (  q n w  ) =  1 τ  ln  q n w  −  L n w     ,   n ∈ N , w ∈ W  . The basic form of the generalized cost function of different transportation modes is as follows:    f n w  (  q n w  ) =  1 τ  ln  q n w  −  L n w     ,    n ∈ N , w ∈ W  .



For railway transportation, we took railway express freight transportation as the example with which to study the pricing strategy of a green freight system. In the selection of railway transportation parameters, the model parameters were designated based on the relevant parameters of railway express freight trains; for example, we set the speed of railway transportation to    v 1  = 110  km / h   . For the railway transportation of bulk goods, it is usually difficult to reach this speed.



There are also many factors influencing the utility function: ① Average freight rate    p n w   , unit CNY/t∙km. ② Rapidity:    T n w  =  t n  +  l w  /  v n   , unit h (hour), where    t n    is the average pickup and delivery time, and the values are    t 1  = 3   h  ,    t 2  = 1   h  ,    t 3  = 4   h  ;    l w    is the transportation distance of the OD pair  w .    v n    is the transport speed of the transportation mode  n , assuming    v 1  = 110  km / h   ,    v 2  = 80  km / h    (speed limit of expressways in China),    v 3  = 900  km / h   . ③ Safety:    D n    is the cargo damage rate, assuming    D 1  = 0.002  ,    D 2  = 0.004  ,    D 3  = 0.001  . ④ Punctuality:    G n    is overdue rate;    G n  =  g n ∗  /  g n  t o t a l    , where    g n ∗    represents the batch of overdue goods among the total batches of goods transported by mode  n ,    g n  t o t a l     represents the total batches of goods transported by mode  n . ⑤ Convenience    E n    is considered in stages: ≤300 km,    E 1  = 0.1  ,    E 2  = 1  ,    E 3  = 0  ; 300~500 km,    E 1  = 0.5  ,    E 2  = 1  ,    E 3  = 0  ; 500~2000 km,    E 1  = 0.75  ,    E 2  = 0.85  ,    E 3  = 0.9  ; 2000~3500 km,    E 1  = 0.6  ,    E 2  = 0.2  ,    E 3  = 0.9  ; ≥3500 km,    E 1  = 0.1  ,    E 2  = 0  ,    E 3  = 1  . ⑥ Service quality:    S n    can be obtained through customer survey statistics. ⑦ Environmental effect:    Y n   . In this paper, we refer to the literature studies [3,16,49] for the service level assessment of different transportation modes, and Equation (10) is the utility function for different transportation modes.





    L n w  =  α 1   p n w  +  α 2   T n w  +  α 3  ( 1 −  D n  ) +  α 4  ( 1 −  G n  ) +  α 5   E n  +  α 6   S n  +  α 7   Y n    



(10)








4.4. Green Freight Transportation Pricing Model


Model (P1-1) describes the sharing mode of freight demand among railway, highway, and air transportation between an OD pair. Further extending the research object from a single OD pair to the whole freight network, the transportation pricing problem in the whole logistics market can then be solved. The green freight transportation pricing model can be constructed as follows:





     ( P 1 - 2 )         ( M 1 - 2 )   max  F I  (  p 1 w  ) =   ∑  w ∈ W     q 1 w  (  p 1 w  ) ⋅ (  p n w  −  c n w  −  γ  ( n )  w  ) ⋅  l w        



(11)






  min  F  II   (  p n w  ) =   ∑  w ∈ W      ∑  n ∈ N     δ c   θ n   q n w  (  p n w  )  l w  ×   10   − 4        



(12)






  s  . t   .       p 1  w ( min )   ≤  p 1 w  ≤  p 1  w ( max )     w ∈ W  



(13)




where the freight volume is    q n w  (  p n w  )  . It is calculated by the lower-level programming model:


  ( L 1 - 2 )   min Z (  q n w  ) =   ∑  w ∈ W      ∑  n ∈ N       ∫ 0   q n w      f n w  ( x ) d x        −   ∑  w ∈ W       ∫ 0   Q N w      D w  − 1   ( x ) d x       



(14)






  s  . t   .        ∑  n ∈ N     q n w  (  p n w  )   =  Q N w    w ∈ W  



(15)






   q n w  ≥ 0   n ∈ N , w ∈ W  



(16)







Equation (11) is the objective function for enterprise profit maximization. Equation (12) is the objective function to minimize the carbon emissions of the whole green freight system. Equation (13) is the freight price constraint. Equation (14) is the objective function of user-generalized cost minimization. Equations (15) and (16) have the same meaning as Equations (8) and (9).



By solving the above model, we can obtain the optimal pricing strategy for a green freight transportation system under the given decision objectives.





5. Model Transformation and Algorithm Design


5.1. Transformation of User Selection Model


The common conversion methods for the objective function of the elastic demand model are the zero impedance additional flow method and the excess demand method. We used the excess demand method [50], introduced the fixed value of the upper limit of freight demand    Q  max  w   , and took the difference between the total freight demand and the upper limit of freight demand—the excess demand as the bridge completes the transformation of the elastic demand objective function to the fixed demand objective function. When setting the excess demand    q  r e s t  w    equal to the difference between the total freight demand    Q N w    and the upper limit of freight demand    Q  max  w   , this results in    q  r e s t  w  =  Q  max  w  −  Q  N    w   . Additionally, by using the definite integral substitution method (see reference [50]), the objective function of the Model (P1-1) can be transformed into:


  min Z (  q n w  ,  q  r e s t  w  ) =   ∑  w ∈ W      ∑  n ∈ N       ∫ 0   q n w      f n  ( x ) d x        +   ∑  w ∈ W       ∫ 0   q  r e s t  w     R ( x ) d x       



(17)







Equation (17) is the objective function for user-generalized cost minimization, which is transformed by the excess demand method. As the excess variable function   R ( x )   and the generalized cost function    f n w  ( x )   have the same characteristics of composition and increase or decrease, in the process of solving,   R ( x )   can be regarded as the generalized cost function for excess freight demand    q  r e s t  w   . This means that a virtual transportation mode is added between OD pairs, which transforms the competition among the original three transportation modes into four transportation modes, as shown in Figure 3.



In Figure 3,   n = 1  , n = 2, and   n = 3   represent the railway, highway, and air transportation modes, respectively, and   n = 4   represents the virtual transportation mode.



Assuming that the form of function   R (  q  r e s t  w  )   is basically the same as that of the generalized cost function    f n w  ( x )   of different transportation modes, the simplified lower-level model can be expressed as follows:


  ( L 1 - 3 )   min Z (  q n w  ) =   ∑  w ∈ W      ∑  n ∈  N ∗        ∫ 0   q n w      f n w  ( x ) d x         



(18)






  s . t .       ∑  n ∈  N ∗      q n w    =  Q  max  w    w ∈ W  



(19)






   q n w  ≥ 0     n ∈  N ∗  , w ∈ W  



(20)







Equation (18) is the objective function for minimizing the sum of the four transportation modes. Equations (19) and (20) have the same meaning as Equations (8) and (9).



In Model (L1-3),    N ∗    means that an additional virtual transportation mode is added to the original transportation mode set; that is, the transportation mode set is changed to include   N + 1   transportation modes. The new virtual transportation mode is represented by   n = 4   in this paper, and the generalized cost function of the fourth transportation mode is    f 4 w  (  q 4 w  ) = R (  q  r e s t  w  ) =  D  − 1   (  Q N w  )  .




5.2. Transformation of Multi-Objective Optimization Problems


In general, the process of solving the multi-objective optimization problem (MOP) is to coordinate and trade off among various objectives, so as to make each objective function as optimal as possible. Considering that the two decision objectives of this model have different dimensions, we use the standardization method to standardize the two objective functions and convert them into the [0, 1] interval. The weights of the two objective functions are set to    ω 1  = − 0.8   and    ω 2  = 0.2  . A new evaluation function   U (  p 1 w  )   is constructed by using a standardization method. Then, we set:


  min U (  p 1 w  ) =  ω 1  ⋅  (     F I  (  p n w  ) −  F I  min   (  p n w  )    F I  max   (  p n w  ) -  F I  min   (  p n w  )    )  +  ω 2  ⋅  (     F  II   (  p n w  ) −  F  II   min   (  p n w  )    F  II   max   (  p n w  ) -  F  II   min   (  p n w  )    )   



(21)







Equation (21) is the new objective function for enterprise profit maximization and system carbon emission minimization, which is transformed by the standardization method.



Then, the two decision-making objective functions in the upper-level programming model can be transformed into a new objective function, as per Equation (22):


  min U (  p 1 w  )  =  − 0.8 ⋅  (      ∑  w ∈ W     q 1 w  (  p 1 w  ) ⋅ (  p n w  −  c n w  −  γ  ( n )  w  ) ⋅  l w    −  F  II   min   (  p n w  )    F  II   max   (  p n w  ) −  F  II   min   (  p n w  )    )  + 0.2 ⋅  (      ∑  w ∈ W      ∑  n ∈ N     δ c   θ n   q n w  (  p n w  )  l w  ×   10   − 4       −  F I  min   (  p n w  )    F I  max   (  p n w  ) −  F I  min   (  p n w  )    )  n ∈ N , w ∈ W  



(22)







where    p 1  w ( min )   ≤  p 1 w  ≤  p 1  w ( max )     . In the process of solving function    F  II   (  p n w  )  , only    p 1 w    is regarded as the variable to be solved;    p 2 w    and    p 3 w    are regarded as fixed values. Additionally, in the objective function    F  II   (  p n w  )  ,   n ∈ N  ; that is, it does not include the virtual mode of transportation, so it does not involve the setting of    p 4 w   . After elastic demand transformation and MOP transformation, a new bi-level programming model is obtained as follows.


     ( P 1 - 4 )         ( M 1 - 4 )   min U (  p 1 w  )  =  0.2 ⋅     ∑  w ∈ W      ∑  n ∈ N     δ c   θ n   q n w  (  p n w  )  l w  ×   10   − 4   −  F I  min   (  p n w  )        F I  max   (  p n w  ) −  F I  min   (  p n w  )   − 0.8 ⋅     ∑  w ∈ W     q 1 w  (  p 1 w  ) ⋅ (  p n w  −  c n w  −  γ  ( n )  w  ) ⋅  l w  −  F  II   min   (  p n w  )      F  II   max   (  p n w  ) −  F  II   min   (  p n w  )       



(23)






  s  . t   .       p 1  w ( min )   ≤  p 1 w  ≤  p 1  w ( max )     w ∈ W  



(24)






   p n w  ≥ 0   n ∈ N , w ∈ W  



(25)




where    q  (  p  )   is given by the lower-level programming model:


  ( L 1 - 4 )   min Z (  q n w  ) =   ∑  w ∈ W      ∑  n ∈  N ∗        ∫ 0   q n w      f n w  ( x ) d x         



(26)






  s  . t   .        ∑  n ∈  N ∗      q n w  (  p n w  )   =  Q  max  w    w ∈ W  



(27)






   q n w  ≥ 0   n ∈  N ∗  , w ∈ W  



(28)







The meaning of the equations in Model (P1-4) is the same as that in Model (P1-2); the description is not repeated here.




5.3. Design of Model-Solving Algorithm


The solution of the bi-level programming model belongs to the NP-hard problem, the key to which is how to find out the concrete expression of the response function, so as to establish the relationship between the lower model and the upper model. In this paper, the sensitivity analysis method is used to solve the model. In the process of solving, the lower-level programming Model (L1-4) is expressed by Equation (29), which is the variational inequality for the objective function of Equation (26).


   f    (   q   w  ∗    )  T  (   q  w  −   q   w  ∗    ) ≥ 0 ,   w ∈ W  



(29)




where     q  w  ∈ {   q  w  |    Q ¯   w  = [  δ n w  ]   q  w  ,     q  w  ≥ 0 }   and   [  δ n w  ]   is the incidence matrix between the OD pair  w  and the transportation mode  n . We have:


   δ n w  =  {          1      when   there   is   a   transportation   mode    n    between   the   OD   pair    w              0     when   there   is   not   a   transportation   mode    n    between   the   OD   pair    w           .  











    q   w  ∗      represents the equilibrium solution of the lower-level model. The vector form of each variable is     q  w  =   [  q 1 w  ,  q 2 w  , ⋯ ,  q n w  ]  T   ,     q   w  ∗    =   [  q 1  w ∗   ,  q 2  w ∗   , ⋯ ,  q n  w ∗   ]  T   ,    f  (   q   w  ∗    ) =   [  f 1  (  q 1  w ∗   ) ,  f 2  (  q 2  w ∗   ) , ⋯ ,  f n  (  q n  w ∗   ) ]  T   ,   n ∈ N  , and   w ∈ W  . Taking the freight price vector   p   as the perturbation parameter of the variational inequality (Equation (29)) and     q  w  (  p  )   as the function of   p  , Equation (29) is transformed into Equation (30):


   f    (   q   w ∗   (  p  ) ,  p  )  T  (   q  w  −   q   w  ∗    (  p  ) ) ≥ 0 , w ∈ W  



(30)




where for all     q  w   , there is     q  w  ∈ {   q  w  (  p  ) |    Q ¯   w  = [  δ n w  ]   q  w  (  p  ) ,     q  w  (  p  ) ≥ 0 }  . Supposing that the variational inequality Equation (30) has a unique solution     q   w ∗   (   p   ( 0 )   )   when    p  =   p   ( 0 )    , the necessary conditions are as follows:


    f  w  (   q   w ∗   (  p  ) ,  p  ) −   μ  w  = 0 ,   w ∈ W  



(31)






    Q  w  = [  δ n w  ]   q   w ∗   (  p  ) ,   w ∈ W  



(32)




where     μ  w    is the Lagrangian multiplier vector of the freight volume constraint Equation (30). Setting    y  (  p  ) =   [   q  w  (  p  ) ,   μ  w  (  p  ) ]  T   ,     J   y   (  p  )   represents the Jacobian matrix for Equations (31) and (32).     J   p   (  p  )   represents the Jacobian matrix for Equations (31) and (32) on   p  . Then,


  ∇   y   p   (  p  ) =   J   y   − 1   (  p  ) [ −   J   p   (  p  ) ]  



(33)






   y  (  p  ) =   [   q   w ∗   (   p   ( 0 )   ) ,   μ   w ∗   (   p   ( 0 )   ) ]  T  +   [   J   y   (   p   ( 0 )   ) ]   − 1   [ −   J   p   (   p   ( 0 )   ) ] ⋅ [  p  −   p   ( 0 )   ]  



(34)







In this paper, the railway freight pricing strategy (  n = 1  ) is taken as an example to study. Setting    p  1 ( 0 )  w    as the initial value of the railway transportation freight price for OD pair  w , assuming that the freight prices of other transportation modes are fixed values, the freight volume    q  1 ( 0 )   w ∗   (  p  1 ( 0 )  w  )   of OD pair  w  can be obtained by solving the lower-level programming model. The partial derivative relationship between railway freight volume and railway freight price is obtained as   ∂  q 1 w  / ∂  p 1 w   ; then, the linear approximate form of the response function is obtained by using Taylor expansion in Equation (35).


   q 1 w  (  p 1 w  ) =  q  1 ( 0 )   w ∗   (  p  1 ( 0 )  w  ) +   ∂  q 1 w    ∂  p 1 w    (  p 1 w  −  p  1 ( 0 )  w  ) , w ∈ W  



(35)







Then, using the same algorithm, we can obtain the response function for other transportation modes, as per Equations (36) and (37).


   q 2 w  (  p 1 w  ) =  q  2 ( 0 )   w ∗   (  p  1 ( 0 )  w  ) +   ∂  q 2 w    ∂  p 1 w    (  p 1 w  −  p  2 ( 0 )  w  ) , w ∈ W  



(36)






   q 3 w  (  p 1 w  ) =  q  3 ( 0 )   w ∗   (  p  1 ( 0 )  w  ) +   ∂  q 3 w    ∂  p 1 w    (  p 1 w  −  p  3 ( 0 )  w  ) , w ∈ W  



(37)







Equations (35) to (37) are used to calculate the total carbon emissions of a green freight system in the upper objective function. At this point, we have completed the solution of the bi-level programming model.



The specific steps of the algorithm are as follows:



Step 1: Parameter and variable initialization. The initial freight price   {  p  n ( 0 )  w  | n ∈ N , w ∈ W }  , the parameter value of the generalized cost function, the relevant parameters of the carbon emission calculation, the inverse demand function of the virtual transportation mode and the average freight cost and the upper limit of demand    Q  max  w  ( w ∈ W )   are set. The iteration number   j = 0   is recorded and the iteration precision    ε ∗    is set.



Step 2: Under the condition of   {  p  n ( j )  w  | n ∈ N , w ∈ W }   (the virtual transportation mode does not need pricing), the lower-level programming model is solved to obtain the freight volume allocation scheme   {  q  n ( j )   w ∗   | n ∈  N ∗  , w ∈ W }  , including the equilibrium solution   {  q  1 ( j )   w ∗   }   of the user equilibrium traffic assignment model.



Step 3: The derivative   ∂  q n w  / ∂  p 1 w  ( n ∈ N , w ∈ W )   of the freight volume of transportation mode  n  to the disturbance parameter (railway freight price) under the condition of elastic demand is obtained by using the sensitivity analysis method, and the linear approximate expression of the reflection function is obtained according to Equations (35) to (37).



Step 4: The response function is substituted into the upper-level programming model, and the nonlinear optimization algorithm is used to obtain the new railway freight price   {  p  1 ( j + 1 )  w  | n ∈ N , w ∈ W }  . The upper objective function for the model is a nonlinear function, so we should pay attention to avoid local optimization when solving.



Step 5: Convergence judgment. If    |   p  1 ( j + 1 )  w  −  p  1 ( j )  w   |  ≤  ε ∗    ( w ∈ W )  , the iteration accuracy is satisfied and the algorithm stops; otherwise, setting   j = j + 1  , the iteration returns to Step 2 to continue, where    ε ∗    is the iteration precision parameter.





6. Numerical Examples


In this paper, a transportation network with six OD pairs was established, in which the distance and transportation modes between each OD pair are marked, as shown in Figure 4. The number of OD pairs, the distance between each OD pair, and the transportation modes between each OD pair are shown in Figure 4.



The numbers of the OD pairs are given in Table 2, as are the names of the OD pairs, the distance value between each OD pair, and the transportation modes between each OD pair.



The generalized cost function for each transportation mode is shown in Equation (38).


   f n w  (  q n w  ) =  1 τ  ln  q n w  −  L n w     



(38)




where  τ  is the undetermined parameter,   n ∈ N = { 1 , 2 , 3 }   and    L n w    is the utility function of the transportation mode  n  between OD pair  w . When the model is solved, it is assumed that the highway and air freight prices remain unchanged, the service attributes of different transportation modes remain unchanged, and the upper limit of the total transportation demand among cities is known and fixed. The known data and parameter settings are shown in Table 3, Table 4 and Table 5.



The lower limit of the railway freight price is the railway freight cost    c 1   ; then, we added carbon charges    γ  ( 1 )  w   . In order to prevent 0 as a divisor in the process of calculation, which leads to errors in the program for solving the algorithm, we set the minimum value of    p 1  w ( min )     as 0.17, greater than    c 1  +  γ  ( 1 )  w  = 0.168  . Let    ε ∗  = 0.0001   be the iterative precision of the sensitivity analysis—that is, when the difference between the two iterative results is less than 0.0001, the iteration can be stopped, and the optimal solution is considered to be the acceptable optimal solution of the bi-level programming model. In order to solve the problem conveniently, this example assumes that the demand function is a linear function,   D (  p n w  ) = 10000 − 10  p n w   , and the inverse function of the demand function can be obtained as    D  − 1   (  Q N w  ) = 1000 − 0.1  Q N w   . Assuming that the upper limit of freight demand among cities is    Q  max   = 10000 t  , according to the transformation method of elastic demand, the impedance function for the virtual transportation mode can be obtained as    f 4  (  q 4  ) = 0.1  q 4   . The OD pair   w = 4   was taken as an example, and the calculation method for other OD pairs is the same. By substituting all the known data into the bi-level programming model, the following model can be obtained (omitting the superscript   w = 4  ). In order to prevent 0 as a divisor during calculation, we set      p 1  w ( min )   = 0.17  . We set the price limit on railways as    p 1  w ( max )   = 1.5  .





      ( P 1 - 5 )         ( M 1 - 5 ) min U (  p 1 w  )  =  0.2 ⋅   40.0 ×  q 1  (  p 1  ) + 265.2 ×  q 2  (  p 1  ) + 2419.0 ×  q 3  (  p 1  ) −  F I  min   (  p n w  )    F I  max   (  p 1  ) −  F I  min   (  p n w  )   − 0.8 ⋅    q 1  (  p 1  ) ⋅ (  p 1  − 0.15 −  γ  ( 1 )    ) ⋅  l 4  −  F I  min   (  p n w  )    F  II   max   (  p 1  ) −  F I  min   (  p n w  )        



(39)






   s  . t   .      0.17 ≤  p 1  ≤  1.5      w ∈ W   



(40)






    p n  ≥ 0   n ∈ N , w ∈ W   



(41)






   ( L 1 - 5 )   min Z (  q n  ) =    ∫ 0   q 1     ( ln q + 3  p 1  − 4.58 ) d q    +    ∫ 0   q 2     ( ln q + 3  p 2  − 4.27 ) d q    +    ∫ 0   q 3     ( ln q + 3  p 3  − 5.23 ) d q    +    ∫ 0   q 4     0.1 q d q      



(42)






   s  . t   .        ∑  n = 1  4    q n    = 10000   n ∈  N ∗    



(43)






    q n  ≥ 0   n ∈  N ∗    



(44)







By substituting the initial values    p  1 ( 0 )   = 0.45  ,    p  2 ( 0 )   = 0.5  , and    p  3 ( 0 )   = 1.56   into the lower-level Model (L1-5), we can obtain the initial freight volume allocation scheme:    q  1 ( 0 )   = 5849.0  ,    q  2 ( 0 )   = 3695.8  ,    q  3 ( 0 )   = 400.8  , where    p  2 ( 0 )     and    p  3 ( 0 )     remain unchanged in the subsequent iterations. According to Step 1 to Step 5 in Section 5.3, the approximate relationship between freight volume and freight price can be obtained by Equation (45).


   [       q 1  (  p  )        q 2  (  p  )        q 3  (  p  )      ]  =  [      5849.0       3695.8       400.8      ]  +  [       − 7237.9      6513.9     706.3       6513.9      − 6971.4      446.3       706.3     446.3     − 1153.9      ]   [       p 1  − 0.45        p 2  − 0.50        p 3  − 1.56      ]   



(45)







Based on this, the partial derivative   ∂  q  1 ( 0 )   / ∂  p  1 ( 0 )   = − 7237.9   of railway freight volume to railway freight price is obtained, and then, the linear approximate form of the railway transportation mode response function is obtained by Equation (46).


   q  1 ( 1 )   (  p  1 ( 1 )   ) = 5849.0 − 7237.9 ⋅ (  p  1 ( 1 )   − 0.45 )  



(46)







By analogy, the optimal solution of the objective function can be obtained by substituting the three approximate expressions    q  1 ( 1 )   (  p  1 ( 1 )   )  ,    q  2 ( 1 )   (  p  1 ( 1 )   )  , and    q  3 ( 1 )   (  p  1 ( 1 )   )   into the Objective Function (39) of the upper-level programming model. Then, according to Formula (3), we can find    γ  ( 1 )    = 0.015  . We repeated the above iterative process with    p  1 ( 1 )   = 0.7700   as the new initial value. Finally, after six iterations, the freight price of the railway transportation mode was 0.7844; there was no difference from the optimal solution 0.7844 of the fifth iteration (  0 <  ε ∗   ). This met the iterative accuracy requirements and stopped the iteration. At this time, the railway freight price    p  1 ( 4 )   = 0.7844 ( yuan / t ⋅ km )  of OD pair   w = 4   is the acceptable optimal solution and the railway share is 3416.9 t. Similarly, the calculation results for other OD pairs are shown in Table 6.




7. Discussion


Through the simulation’s net calculation of six OD pairs, we obtained the calculation results shown in Table 6. The most significant difference among the OD pairs   w = 1   to   w = 6   is the difference in transport distance and the number of competitive modes of transport. Due to the obvious disadvantages of railway transportation and air transportation in “door-to-door” transportation, highway transportation has obvious advantages in short-distance transportation. Railway transportation and air transportation have more advantages in medium- and long-distance transportation. According to the industry statistical data and expert experience, we set the parameters of railway transportation, highway transportation, and air transportation as the basic data for the example analysis.



From the calculation results, it can be concluded that:



(1) In short-distance transportation (especially in transportation distances less than 500 km), the highway transportation mode has obvious advantages (   q 2 1   = 7085.4   ,    q 2 2  = 6804.6  , about 70% of the total freight volume), and the freight share is obviously better than the railway transportation mode. With the increase in transportation distance, the freight share for highway transportation decreases.



(2) The competitive advantage of railway freight transportation is obvious at a distance of about 1500 to 2000 km, while for short-distance transportation of less than 500 km, although the price of railway freight transportation has been reduced, it is still at a competitive disadvantage compared with highway transportation. Just as in OD pair   w = 5  , the price of railway transportation is 0.8175 CNY/t∙km, and the railway share is 3935 t. After the price reduction, in OD pair   w = 4  , the price of railway transportation is 0.7844 CNY/t∙km, and the railway share is 3416.9 t. The price of railway transportation decreased obviously, but it did not lead to an increase in railway transportation share. The same results were obtained for OD pair   w = 3  .



(3) For air transportation, in long-distance transportation of more than 2000 km, its transportation advantage increases significantly. Even if other transportation modes reduce their transportation prices, such as the railway transportation price reducing from 0.8175 CNY/t∙km to 0.7950 CNY/t∙km, the freight share of air transportation still increases significantly, from 907.9 t to 1318.2 t, increasing by 45.19%.



(4) Considering the impact of freight price on enterprise profits, through freight price adjustment, when the transportation distance increases from 280 to 400 km (1.43 times), the profit for railway transportation enterprises increases from 473,040 CNY to 764,807 CNY (1.6 times), which indicates that price adjustment is conducive to the increase in enterprise income. The same results can be obtained in other OD pairs. In addition, total carbon emissions increased from 246,647 kgce to 326,536 kgce (1.3 times), less than the growth of the transportation distance. This shows that price adjustment plays a positive role in optimizing transportation structure and reducing carbon emissions. However, with the increase in the air transportation mode, the carbon emissions of the freight system have been greatly improved. Therefore, it is necessary to promote the development of green freight modes.



(5) From the results of the example analysis, we can see that, for different modes of transportation, there is no inevitable relationship between the transportation price and the freight market share. In order to maximize the efficiency of the whole freight system and establish a reasonable division of transportation modes, it is necessary to reasonably judge the advantageous transportation distance of different transportation modes. A reasonable transportation price should be determined corresponding to the advantageous transportation distance of different transportation modes. Only in this way can we maximize the operating profit of logistics enterprises and establish a reasonable transportation structure.




8. Conclusions


Considering the impact of COVID-19 on the capital chain of logistics enterprises and of carbon emissions on the green freight transport system, a multi-objective bi-level programming model was proposed for the study of green freight pricing strategies. The research results are as follows.



Firstly, by constructing a bi-level programming model to consider the market competition for different transportation modes, we provided a freight transportation pricing method considering the freight volume distribution among different transportation modes. Compared with existing studies, such as in references [3,4,5,6,7], only the competition among different logistics enterprises in a certain transportation mode was considered, and there exists a lack of consideration of overall market competition.



Secondly, in order to obtain the cargo flow assignment of different transportation modes, we referred to the user equilibrium assignment model, which has been widely used in passenger traffic flow allocation, designed a generalized cost function for different transportation modes, and set the parameters of the generalized cost function according to the characteristics of the different transportation modes. As research on generalized cost functions for freight transportation is rare, and the establishment of the assumption of elastic demand renders our research closer to the actual operation of the freight market, we have provided a new research direction for future studies.



Thirdly, the references [22,23,24,26,27] performed comprehensive studies on transportation pricing, considering carbon emissions, and on the charging parameters for carbon emissions. However, research on the carbon emissions of cargo transportation that considers the competition between different transportation modes is relatively rare. In order to promote green development, China has proposed a national strategy of adjusting transportation structure. Only on the basis of considering the distribution of freight volume among different transportation modes can we optimize the national transportation structure through the adjustment of freight price. Contemporary research on the carbon emissions of a single transportation mode is difficult to use for the optimization of transportation structure. Adjusting the freight volume among different transportation modes through the change of transportation price is one of the biggest contributions of this paper.



Finally, the purpose of this paper was to maximize enterprise operating profits, which can ensure the survival of logistics enterprises during the pandemic period. In references [37,38,39], methods of supply chain reconfiguration during the COVID-19 pandemic period were proposed. However, the reconfiguration of supply chain network structure often has a long implementation cycle and large initial investment, which suggests higher requirements for enterprise cash flow. Compared with the existing research, our study can improve enterprise profits through a quantitative price strategy, which is easier to operate, and the effect realization cycle is short, which is conducive to the rapid improvement of enterprises’ competitive and survival ability in the short term.



There are still some limitations in this paper. We have provided a concept for the establishment of a multi-objective bi-level programming model for enterprise pricing, which takes into account both enterprise profits and the carbon emissions of the transportation system. However, in the parameter design of this paper, there are few references. If we want to make our study more closely reflect the actual situation, we need to carry out more case studies and parameter adjustment test experiments.



In future research, the design of parameters for this model can be further studied, and following the COVID-19 pandemic, sociotechnical transitions, transportation mode transitions, and energy consumption structure adjustment will bring great changes to our lives [51]. The optimization of transportation organization can only play a minor role in reducing the carbon emissions of a freight transportation system. To reduce the carbon emissions of transportation sharply, the world’s major economies need to actively promote the use of green renewable energy, such as bioenergy and solar energy [44,45]. Only by solving the fundamental problem of energy use can we promote the green development of transportation systems and protect our living environment.
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Figure 1. Research process of multi-objective bi-level programming model construction. Source: own elaboration. 






Figure 1. Research process of multi-objective bi-level programming model construction. Source: own elaboration.



[image: Sustainability 13 06514 g001]







[image: Sustainability 13 06514 g002 550] 





Figure 2. Total energy consumption in transportation, storage, and the postal industry and its proportion. Source: China Energy Statistical Yearbook. 
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Figure 3. Transformation of elastic demand into fixed demand. Source: own elaboration. 
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Figure 4. Transportation network for numerical example, including  w ,    l w   , and  n . Source: own elaboration. 
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Table 1. Freight volumes and growth rates for different transportation modes in 2020.






Table 1. Freight volumes and growth rates for different transportation modes in 2020.





	Index
	Unit
	Absolute Number
	Year-on-Year Increase (%)





	Total freight volume
	100 million tons
	463.4
	−0.5



	Railway
	100 million tons
	44.6
	3.2



	Highway
	100 million tons
	342.6
	−0.3



	Waterway
	100 million tons
	76.2
	−3.3



	Air freight
	10,000 tons
	676.6
	−10.2







Source: China National Bureau of Statistics website.
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Table 2. Parameters of generalized cost.
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	   Number   w   
	OD Pair
	    Distance    l w  ( km )    
	   Transportation   Mode   n   





	   w = 1   
	AB
	280
	    n =  1 , 2   



	   w = 2   
	CF
	400
	    n =  1 , 2   



	   w = 3   
	AD
	1000
	    n =  1 , 2 , 3   



	   w = 4   
	BC
	1800
	    n =  1 , 2 , 3   



	   w = 5   
	AE
	2500
	    n =  1 , 2 , 3   



	   w = 6   
	AF
	4000
	    n =  1 , 2 , 3   







Source: Author’s settings.
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Table 3. Parameters of different transportation modes (same values of different OD pairs).
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	Transportation Mode
	    Railway   n = 1    
	    Highway   n = 2    
	    Air   n = 3    





	Price    p n   (CNY/t∙km)
	   0.17 ≤  p 1  ≤ 1.5   
	    p 2  = 0.50   
	    p 3  = 1.56   



	Cargo damage rate    D n   
	    D 1  = 0.002   
	    D 2  = 0.004   
	    D 3  = 0.001   



	Overdue rate    G n   
	    G 1  = 0.005   
	    G 2  = 0.006   
	    G 3  = 0.007   



	Service quality    S n   
	    S 1  = 7.5   
	    S 2  = 7.0   
	    S 3  = 8.5   



	Environmental effect    Y n   
	    Y 1  = 0.8   
	    Y 2  = 0.7   
	    Y 3  = 0.5   



	Average freight cost    c n   (CNY/t∙km)
	    c 1  = 0.15   
	/
	/



	Energy consumption intensity    θ n   (kgce/104 t∙km)
	    θ 1  = 85.4   
	    θ 2  = 566.7   
	    θ 3  = 5168.8   



	Carbon emissions factor    δ c   
	    δ c  = 2.6   
	    δ c  = 2.6   
	    δ c  = 2.6   



	Carbon charge    γ  ( n )  w   
	    γ 1  = 0.01 ,  γ 2  = 0.015 ,  γ 3  = 0.018   
	    γ 1  = 0.01 ,  γ 2  = 0.015 ,  γ 3  = 0.018   
	    γ 1  = 0.01 ,  γ 2  = 0.015 ,  γ 3  = 0.018   



	Segment charging freight volume   a , b  
	   a = 3000 , b = 7000   
	   a = 3000 , b = 7000   
	   a = 3000 , b = 7000   







Source: Author’s settings.
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Table 4. Parameters of different transportation modes (different values of different OD pairs).






Table 4. Parameters of different transportation modes (different values of different OD pairs).





	Transportation Mode
	    Railway   n = 1    
	    Highway   n = 2    
	    Air   n = 3    





	Transportation time    T n   (h)
	    T 1 1  = 5.5 ;  T 1 2  = 6.6 ;   

    T 1 3  = 12.1 ;  T 1 4  = 19.4 ;   

    T 1 5  = 25.7 ;  T 1 6  = 39.4   
	    T 2 1  = 4.5 ;  T 2 2  = 6.0 ;   

    T 2 3  = 13.5 ;  T 2 4  = 23.5 ;   

    T 2 5  = 32.3 ;  T 2 6  = 51.0   
	    T 3 3  = 5.1 ;   

    T 3 4  = 6.0 ;  T 3 5  = 6.8 ;  T 3 6  = 8.4   



	Convenience    E n   
	    E 1 1  = 0.1 ;  E 1 2  = 0.5 ;   

    E 1 3  = 0.75 ;  E 1 4  = 0.75 ;   

    E 1 5  = 0.75 ;  E 1 6  = 0.1   
	    E 2 1  = 1 ;  E 2 2  = 1 ;   

    E 2 3  = 0.85 ;  E 2 4  = 0.85 ;   

    E 2 5  = 0.1 ;  E 2 6  = 0   
	    E 3 1  = 0 ;  E 3 2  = 0 ;   

    E 3 3  = 0.9 ;  E 3 4  = 0.9 ;   

    E 3 5  = 0.9 ;  E 3 6  = 1   







Source: Author’s settings.
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Table 5. Parameters of generalized cost.






Table 5. Parameters of generalized cost.





	Parameter
	   τ   
	     α 1     
	     α 2     
	     α 3  ~  α 7     





	Value
	1
	−3
	−0.02
	0.45







Source: Author’s settings.
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Table 6. Numerical example results.






Table 6. Numerical example results.





	OD Pair ID
	Iterations
	Optimal Railway Freight Price (CNY/t∙km)
	Railway Share(t)
	Highway Share(t)
	Air Share(t)
	Railway EnterpriseProfit (CNY)
	Total Carbon Emissions (kgce)





	   w = 1   
	7
	0.7511
	2858.2
	7085.4
	/
	473,040
	246,647



	   w = 2     
	7
	0.7691
	3139.1
	6804.6
	/
	764,807
	326,536



	   w = 3   
	6
	0.7809
	3355.1
	6041.5
	545.9
	2,083,189
	3,024,561



	   w = 4   
	6
	0.7844
	3416.9
	5885.8
	638.2
	3,839,476
	6,059,824



	   w = 5   
	5
	0.8175
	3935.0
	5094.2
	907.9
	6,468,197
	10,448,552



	   w = 6   
	4
	0.7950
	3590.7
	5024.3
	1318.2
	9,120,268
	23,176,105







Source: Author’s calculation.
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