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Abstract: A passenger transport model, Asia-pacific Integrated Model (AIM)/Transport, incorporating 

travelers’ mode of choice and transport technological details was developed in this study. This 

AIM/Transport was coupled with the AIM/Computable General Equilibrium (AIM/CGE) to capture 

interactive mechanisms between the transport sector, energy consumption, greenhouse gas (GHG) 

emissions, and the macro-economy. This paper presents the model structure and mathematical 

formulation of AIM/Transport, and explains how it was integrated with the CGE model by an iterative 

algorithm, taking into consideration the feedback between AIM/Transport and AIM/CGE. A numerical 

simulation proved that the integration of AIM/CGE and AIM/Transport can achieve a convergence after 

13 iterations. A business-as-usual (BaU) scenario and a mitigation scenario were created to test the 

robustness of the model integration and how the mitigation potential and cost would be modified by 

coupling AIM/Transport. The key finding was that the carbon price and mitigation cost were modified 

with the coupled CGE-Transport model. 
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1 Introduction 

Transport accounted for around 23% of carbon emissions in 2013, which cannot be ignored in terms of 

global greenhouse gas (GHG) emissions and climate change [1]. In the transport sector, light-duty 

passenger vehicles are the major contributor to transport-related GHG emissions. With levels of 

urbanization and motorization increasing rapidly worldwide, carbon emitted in the transport sector, 

especially passenger traffic, is projected to keep growing [2, 3]. Without the implementation of aggressive 

and sustained policy interventions, transport-related GHG emissions could increase at a faster rate than 

emissions from the energy end-use sectors, with the potential to double by 2050. Because the continuing 

growth in traffic activities could outweigh all mitigation measures unless transport emissions can be 

strongly decoupled from gross domestic product (GDP) growth, decarbonizing the transport sector will be 

more challenging than for other sectors [4, 5]. It has been proposed that transport-related GHG emissions 

are bound up with economic development, technological change, travel behavior, transport policy, and 

energy efficiency improvements [2, 6-11]. Therefore, the key factors influencing global passenger 

transport, including travel mode and technological details, need to be taken into account to estimate 

long-term transport-related GHG emission pathways. 

Integrated assessment models (IAMs), which integrate economic, energy, agriculture, land use, water, 

climate, and health factors with GHG emissions are widely used in the environmental sciences and in 

environmental policy analysis [12-17]. The transport sector has been taken into consideration in 

bottom-up integrated assessment models such as Asia-pacific Integrated Model/Enduse (AIM/Enduse), 

MARKAL, and the International Energy Agency (IEA) Mobility Model (MoMo) to evaluate the GHGs 

emitted in the transport sector [18-21]. In these models, the travel demand is computed with linear or 

quadratic correlations between traffic activities and GDP per capita, or an exogenously determined modal 

share, and therefore it is not suitable to incorporate behavioral and technological factors to assess their 

influences on passenger transport and mitigation potential. Compared with the bottom-up type model, in 

top-down integrated assessment models such as AIM/Computable General Equilibrium (AIM/CGE), 

which has been widely used for climate change mitigation and impact assessment [22-28], travel demand 

is dynamically estimated with relative prices and the elasticity of substitution. However, AIM/CGE 

represents transport at a highly aggregated level, but technological details and behavioral determinants 

such as travel cost, travel time, modal split, and preference are not incorporated. This implies that current 

models cannot be applied to investigate global transport dynamics and the mitigation potential of 

transport technological and behavioral options.  
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The choice of transport mode for a personal trip is determined by various attributes, such as travel cost, 

travel time, personal preference, and individual socioeconomic characteristics. This determines travel 

behavior and can affect the travel demand and transport-related GHG emissions [29-31]. Thus, a transport 

mode decision model provides a methodology to estimate the travel demand and modal split, and is 

commonly applied to transport planning and policy analysis. Several studies have used a discrete choice 

model to analyze an individual’s travel behavior based on choices made regarding the mode, technology, 

and individual attributes [32-36]. In a transport mode decision model, the traveler’s utility associated with 

alternative travel modes is modeled by computing variables that describe the features of different travel 

modes and a traveler’s preference among them. Transport mode decision models using multinomial logit 

type equations have been linked with integrated assessment models such as Targets IMage Energy 

Regional (TIMER), Global Change Assessment Model (GCAM), The Integrated MARKAL-EFOM 

System (TIMES), Model for Energy Supply Strategy Alternatives and their General Environmental 

Impact (MESSAGE), General Equilibrium Model for Economy - Energy - Environment (GEM-E3), and 

IMACLIM-R. to estimate the travel demand and modal share for climate mitigation analysis from the 

perspectives of transport policy and behavior [37-45]. The MESSAGE-Transport model creates a 

triangular arrangement of three soft-linked models to incorporate transport mode choices and individual 

vehicle technologies into the partial-equilibrium model MESSAGE. A larger-scale economic-engineering 

model for passenger and freight transport PRIMES-TREMOVE was linked with the GEM-E3T, which 

has been enhanced based on the standard GEM-E3 for modeling the transport sector [44]. The 

IMACLIM-R model offers a detailed representation of passenger and freight transportation for the 

energy-economy-environment (E3) IAM, taking into account the deployment of transport infrastructure. 

It was found that the GDP loss with a fixed carbon emission trajectory can be reduced by the deployment 

of infrastructure for roads and air travel [46]. It is difficult to deal with the interactive impacts of transport 

policy interventions on the macro-economy because the dynamic feedback or interplay between the 

transport sector and CGE models are seldom taken into consideration. 

To improve the transport sector representation in CGE models, this study developed a global passenger 

transport model, AIM/Transport, which was coupled with AIM/CGE. AIM/Transport can provide an 

elaborate technological description of the transport sector and evaluate the technological feasibility of 

transport policies, whereas individual transport models are not able to investigate the interaction between 

the transport sector and the macro-economy, and the response of other sectors to transport policy 

interventions. Coupling with AIM/CGE overcomes this shortcoming of AIM/Transport because the CGE 

model covers all goods and service transactions; thus, an interactive analysis of the transport sector and 

other sectors becomes possible. The transport representation in AIM/CGE is also enriched because the 
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CGE model uses either a production function or price elasticity to represent the aggregated transport 

sector and, therefore, lacks an explicit transport representation, including mode and technological details.  

In this context, this study of the use of AIM/Transport, which has a detailed representation of transport 

technologies and is coupled with the CGE model, had three objectives: (1) to demonstrate how to couple a 

transport model within a CGE model; (2) to provide detailed transport representation for a global CGE 

model; and (3) to create a better understanding of the interactive mechanism between the transport sector 

and macro-economic system. 

The paper is organized as follows. Section 2 describes the model structure, iterative algorithm, 

formulations, data source, and scenario settings. Section 3 presents the model integration and convergence 

of coupling for the CGE-Transport model and how the feedback of AIM/Transport updates the transport 

representation in AIM/CGE, followed by an analysis of results for the BaU and mitigation scenarios. 

Section 4 provides a discussion of the interpretation and the implications of the simulation results. Section 

5 is a conclusion that summarizes the findings, with a roadmap for future research tasks. 

2 Methodology 

2.1 Model interaction 

In this study, a global passenger transport model, AIM/Transport, was developed to analyze the transport 

sector representation by incorporating travelers’ modes of choice and technological details, and then 

estimating the resulting energy consumption and GHG emissions. AIM/Transport was coupled with 

AIM/CGE to capture interactive mechanisms between the transport sector, energy consumption, GHG 

emissions, and the macroeconomic system. AIM/CGE is a one-year interval recursive-type, dynamic, 

general equilibrium model that covers all regions of the world. This CGE model consists of 17 regions 

and 42 industrial classifications. Details of the model structure and mathematical formulas are provided in 

the AIM/CGE manual [47].   

To integrate AIM/CGE and AIM/Transport, an iterative procedure was used to obtain the convergence 

between AIM/Transport and AIM/CGE. As shown in Figure 1, if the energy consumption calculated in 

AIM/Transport differs from that consumed by the transport sector in AIM/CGE, the travel demand, 

energy consumption, and capital cost from the transport model is fed back into AIM/CGE to re-estimate 

the related parameters of the transport sector in AIM/CGE. AIM/CGE then passes the updated energy 

prices and carbon prices to AIM/Transport. This loop continues until the energy consumed in AIM/CGE 

and AIM/Transport reaches a convergence. 
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Figure 1. Iterative algorithm of the coupled Asia-Pacific Integrated Model /Computable General 

Equilibrium (AIM/CGE) and AIM/Transport  

(ENETRS and ENECGE are energy consumption in AIM/Transport and AIM/CGE, respectively) 

2.2 AIM/Transport 

2.2.1 Overview 

AIM/Transport for global passenger travel simulation was developed for 17 regions, which is consistent 

with AIM/CGE (Figure S1 and Table S1 in Supporting Information). Figure 2 shows the overall 

framework of AIM/Transport. The passenger travel demand for each region is computed based on GDP, 

population, and generalized transport cost, which is calculated from the outcomes of the energy and 

carbon price determined from AIM/CGE, and travel time cost estimated from the wage rate and vehicle 

velocity. The total travel demand is divided into different distances, modes, vehicle sizes, and 

technologies by mode choice models using multinomial logit equations based on the generalized transport 

cost of each category. The energy consumed by passenger trips in each region can be evaluated according 
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to the travel demands of each technology category and technology-wise energy intensities. GHG 

emissions produced by the transport sector can be assessed according to the energy consumption and 

emission intensity coefficient for each fuel. 

 

Figure 2. The structure of Asia-Pacific Integrated Model/Transport (AIM/Transport) 

2.2.2 Formulations 

The following equation (1) is used to calculate the total transport volume. The travel demand is estimated 

as a function of GDP per capita, population, and generalized travel cost. 

𝑄𝑄𝑟𝑟,𝑦𝑦 = 𝑎𝑎𝑟𝑟 × �𝑔𝑔𝑔𝑔𝑔𝑔𝑟𝑟,𝑦𝑦

𝑔𝑔𝑝𝑝𝑔𝑔𝑟𝑟,𝑦𝑦
�
𝛼𝛼𝑟𝑟

× 𝑃𝑃𝑟𝑟,𝑦𝑦
𝛽𝛽𝑟𝑟 × 𝑝𝑝𝑝𝑝𝑝𝑝𝑟𝑟,𝑦𝑦                                                (1) 

where Qr,y is the total transport volume in region r and year y, respectively; gdpr,y and popr,y are the gross 

domestic product (US 2005 constant) and population in region r and year y, respectively; Pr,y is the 
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generalized travel cost in region r and year y, respectively; and ar, αr, and βr are parameters estimated 

based on the baseline data. 

Because the total transport flow is divided into long distance and short distance travel, the generalized 

travel cost Pr,y equals the weighted sum of the distance-wise price PDISr,y,d.  

𝑃𝑃𝑟𝑟,𝑦𝑦 = ∑ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔 × 𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔𝑔𝑔∈𝐷𝐷                                                      (2) 

where SDISr,y,d is the share of each distance d, which can be calculated using a multinomial logit equation 

based on the generalized distance-wise price PDISr,y,d. Let d∈D be the set of distance specific 

alternatives, and αdis and βdis be the alternative-specific coefficient and price coefficient, respectively. The 

equations for calculating SDISr,y,d and distance-wise travel volume QDISr,y,d are then: 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔 =
𝛼𝛼𝑟𝑟,𝑑𝑑
𝑑𝑑𝑑𝑑𝑑𝑑×𝑃𝑃𝐷𝐷𝑃𝑃𝑃𝑃𝑟𝑟,𝑦𝑦,𝑑𝑑

𝛽𝛽𝑟𝑟,𝑑𝑑
𝑑𝑑𝑑𝑑𝑑𝑑

∑ �𝛼𝛼𝑟𝑟,𝑑𝑑
𝑑𝑑𝑑𝑑𝑑𝑑×𝑃𝑃𝐷𝐷𝑃𝑃𝑃𝑃𝑟𝑟,𝑦𝑦,𝑑𝑑

𝛽𝛽𝑟𝑟,𝑑𝑑
𝑑𝑑𝑑𝑑𝑑𝑑

�𝑑𝑑∈𝐷𝐷

                                                        (3) 

𝑄𝑄𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔 = 𝑄𝑄𝑟𝑟,𝑦𝑦 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔                                                          (4) 

Similarly, the distance-wise transport volume can be further divided into different modes including car, 

bus, two wheelers, domestic aviation, international aviation, and railway; thus, the distance-wise price 

PDISr,y,d, mode share SMODEr,y,d,m, and transport volume for each model QMODEr,y,d,m were computed as 

equations (5), (6), and (7).  

𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔 = ∑ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚 × 𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚𝑚𝑚∈𝑀𝑀                                         (5) 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚 =
𝛼𝛼𝑟𝑟,𝑑𝑑,𝑚𝑚
𝑚𝑚𝑚𝑚𝑑𝑑𝑚𝑚×𝑃𝑃𝑀𝑀𝑃𝑃𝐷𝐷𝑃𝑃𝑟𝑟,𝑦𝑦,𝑑𝑑,𝑚𝑚

𝛽𝛽𝑟𝑟,𝑑𝑑,𝑚𝑚
𝑚𝑚𝑚𝑚𝑑𝑑𝑚𝑚

∑ �𝛼𝛼𝑟𝑟,𝑑𝑑,𝑚𝑚
𝑚𝑚𝑚𝑚𝑑𝑑𝑚𝑚×𝑃𝑃𝑀𝑀𝑃𝑃𝐷𝐷𝑃𝑃𝑟𝑟,𝑦𝑦,𝑑𝑑,𝑚𝑚

𝛽𝛽𝑟𝑟,𝑑𝑑,𝑚𝑚
𝑚𝑚𝑚𝑚𝑑𝑑𝑚𝑚

�𝑚𝑚∈𝑀𝑀

                                             (6) 

𝑄𝑄𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚 = 𝑄𝑄𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚                                             (7) 

It is assumed that the travel time is considered only at the transport mode level, but the vehicle size and 

technology levels do not take into account the differences in travel time. Transport mode choice is 

determined not only by financial cost but also the monetary cost of travel time, indicating that travelers 

prefer cheap, rapid, convenient, and efficient transport modes for person trips. The same structure of 

mode choice model is often used for the modal split of the classical transportation four-step model (FSM) 

[48]. Thus, the price of each mode PMODEr,y,d,m is equal to the generalized cost of technology within 

each vehicle size category plus the monetary cost of travel time ptime r,y,d,m. As shown in equation (9), the 
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monetary cost of travel time for each mode m can be estimated by dividing the wage rate by the 

door-to-door speed ddts r,y,d,m. In this study, we used GDP per capita divided by annual working time 

awhr,y as a proxy for wage rate due to data limitations. This implies that travelers tend to shift towards 

faster travel modes to reduce the monetary cost of travel time. At the next level, another multinomial logit 

equation is used to calculate the share of different vehicle sizes SSIZEr,y,d,m,s, i.e., small, medium, and 

large, and size-wise price PSIZEr,y,d,m,s and transport volume QSIZEr,y,d,m,s are also exhibited in equations 

(11) and (12). 

𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚 = ∑ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠 × 𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠 + 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚𝑠𝑠∈𝑃𝑃                           (8) 

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚 = 𝑔𝑔𝑔𝑔𝑔𝑔𝑟𝑟,𝑦𝑦

𝑔𝑔𝑝𝑝𝑔𝑔𝑟𝑟,𝑦𝑦×𝑎𝑎𝑎𝑎ℎ𝑟𝑟,𝑦𝑦×𝑔𝑔𝑔𝑔𝑑𝑑𝑠𝑠𝑟𝑟,𝑦𝑦,𝑑𝑑,𝑚𝑚
                                                 (9) 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠 =
𝛼𝛼𝑟𝑟,𝑑𝑑,𝑚𝑚,𝑑𝑑
𝑑𝑑𝑑𝑑𝑠𝑠𝑚𝑚 ×𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑟𝑟,𝑦𝑦,𝑑𝑑,𝑚𝑚,𝑑𝑑

𝛽𝛽𝑟𝑟,𝑑𝑑,𝑚𝑚,𝑑𝑑
𝑑𝑑𝑑𝑑𝑠𝑠𝑚𝑚

∑ �𝛼𝛼𝑟𝑟,𝑑𝑑,𝑚𝑚,𝑑𝑑
𝑑𝑑𝑑𝑑𝑠𝑠𝑚𝑚 ×𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑟𝑟,𝑦𝑦,𝑑𝑑,𝑚𝑚,𝑑𝑑

𝛽𝛽𝑟𝑟,𝑑𝑑,𝑚𝑚,𝑑𝑑
𝑑𝑑𝑑𝑑𝑠𝑠𝑚𝑚

�𝑑𝑑∈𝑆𝑆

                                               (10) 

𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠 = ∑ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑 × 𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑𝑑𝑑∈𝑇𝑇                                      (11) 

𝑄𝑄𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠 = 𝑄𝑄𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠                                         (12) 

The travel cost of each technology PTECr,y,d,m,s,t consists of the price of fuel pfuelr,y,d,m,s,t,f, carbon tax 

pghgr,y,d,m,s,t,f, and the annualized purchase cost for the device pdevicer,y,d,m,s,t. Then the transport demand 

of technology t, QTECr,y,d,m,s,t, is the sum of the demand for the technology t in the previous year 

QTECr,y-1,d,m,s,t multiplied by one minus the depletion rate τ and the demand for new technology 

investment in year y, QTECNEWr,y,d,m,s,t, and then multiplied by the operation rate OPRr,y,d,m,s. The 

QTECNEWr,y,d,m,s,t can be calculated based on the price of technology using multinomial logit equations 

and the total new investment QTECNEWTr,y,d,m,s as shown in equation (15). Then, the market share of 

technology t STECr,y,d,m,s,t equals the transport demand of technology t divided by the transport demand 

for vehicle size s. To close this system of equations, the size-wise transport demand QSIZEr,y,d,m,s is also 

equal to the sum of QTECr,y,d,m,s,t. Energy consumption ENEr,y,d,m,s,t,f for region r, year y, distance d, mode 

m, size s, technology t, and fuel f, is the sum of the travel demand qtecprer,y,d,m,s,t and QTECNEWr,y,d,m,s,t 

multiplied by the energy intensity eiprer,y,d,m,s,t,f of the previous year and eir,y,d,m,s,t,f of this year. Fuel price, 

carbon price, device price, and energy intensity are estimated from the results of AIM/CGE, the database 

of the AIM/Enduse model [18, 19], and the mode specific load factors [49].  

𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑 = ∑ �𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑,𝑓𝑓 + 𝑝𝑝𝑝𝑝ℎ𝑝𝑝𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑,𝑓𝑓�𝑓𝑓∈𝐹𝐹 + 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑           (13) 
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𝑄𝑄𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑 = �𝑞𝑞𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑞𝑞𝑝𝑝𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑 × �1 − 𝜏𝜏𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑� + 𝑄𝑄𝑆𝑆𝑆𝑆𝑆𝑆𝑄𝑄𝑆𝑆𝑄𝑄𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑�× 𝑆𝑆𝑃𝑃𝑅𝑅𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠   (14) 

𝑄𝑄𝑆𝑆𝑆𝑆𝑆𝑆𝑄𝑄𝑆𝑆𝑄𝑄𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑 =
𝛼𝛼𝑟𝑟,𝑑𝑑,𝑚𝑚,𝑑𝑑,𝑡𝑡
𝑡𝑡𝑚𝑚𝑡𝑡 ×𝑃𝑃𝑇𝑇𝑃𝑃𝑃𝑃𝑟𝑟,𝑦𝑦,𝑑𝑑,𝑚𝑚,𝑑𝑑,𝑡𝑡

𝛽𝛽𝑟𝑟,𝑑𝑑,𝑚𝑚,𝑑𝑑,𝑡𝑡
𝑡𝑡𝑚𝑚𝑡𝑡

∑ �𝛼𝛼𝑟𝑟,𝑑𝑑,𝑚𝑚,𝑑𝑑,𝑡𝑡
𝑡𝑡𝑚𝑚𝑡𝑡 ×𝑃𝑃𝑇𝑇𝑃𝑃𝑃𝑃𝑟𝑟,𝑦𝑦,𝑑𝑑,𝑚𝑚,𝑑𝑑,𝑡𝑡

𝛽𝛽𝑟𝑟,𝑑𝑑,𝑚𝑚,𝑑𝑑,𝑡𝑡
𝑡𝑡𝑚𝑚𝑡𝑡

�𝑡𝑡∈𝑇𝑇

× 𝑄𝑄𝑆𝑆𝑆𝑆𝑆𝑆𝑄𝑄𝑆𝑆𝑄𝑄𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠                  (15) 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑 = 𝑄𝑄𝑇𝑇𝑃𝑃𝑃𝑃𝑟𝑟,𝑦𝑦,𝑑𝑑,𝑚𝑚,𝑑𝑑,𝑡𝑡

𝑄𝑄𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑟𝑟,𝑦𝑦,𝑑𝑑,𝑚𝑚,𝑑𝑑
                                                      (16) 

𝑄𝑄𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠 = ∑ 𝑄𝑄𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑𝑑𝑑∈𝑇𝑇                                                (17) 

𝑆𝑆𝑄𝑄𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑,𝑓𝑓 = 𝑞𝑞𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑞𝑞𝑝𝑝𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑 × �1 − 𝜏𝜏𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑�× 𝑝𝑝𝑝𝑝𝑝𝑝𝑞𝑞𝑝𝑝𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑,𝑓𝑓 + 𝑄𝑄𝑆𝑆𝑆𝑆𝑆𝑆𝑄𝑄𝑆𝑆𝑄𝑄𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑 ×

  𝑝𝑝𝑝𝑝𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑,𝑓𝑓                                                    (18) 

𝑆𝑆𝑃𝑃𝑅𝑅𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠 ≥ 0   ⊥     𝑄𝑄𝑆𝑆𝑆𝑆𝑆𝑆𝑄𝑄𝑆𝑆𝑄𝑄𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠 ≥ 0                                  (19) 

The variables of AIM/Transport are endogenously determined by each other; i.e., AIM/Transport 

expressed as equations (1) - (19) is a system of nonlinear equations that cannot be solved analytically. In 

equation (19), OPRr,y,d,m,s and QTECNEWTr,y,d,m,s are greater than or equal to zero because the Mixed 

Complementarity Problem (MCP) is used in the mathematical programming to solve this system of 

equations. Thus, we rely on a numerical computation based on the General Algebraic Modelling System 

(GAMS) to obtain the equilibrium solutions. The model variables are summarized in Table S2 in the 

Supporting Information. The endogenous and exogenous variables are represented as upper and lower 

case, respectively. Moreover, the convergence of AIM/CGE and AIM/Transport can be obtained using the 

iterative algorithm displayed in Figure 1. ENETRSr,y,f and ENECGEr,y,f are energy consumption for fuel f 

in region r and year y in AIM/Transport and AIM/CGE, respectively. If the ENETRSr,y,f is not equal to 

ENECGEr,y,f, AIM/CGE will be run again with the re-estimated parameters based on the QMODEr,y,d,m, 

ENETRSr,y,f, and device cost DCOSTr,y,d,m,s,t fed back from AIM/Transport, and then the pfuelr,y,d,m,s,t,f and 

pghgr,y,d,m,s,t,f from AIM/CGE are updated. Such iterative computations will be performed until the 

ENETRSr,y,f is equal to ENECGEr,y,f or the differences between them are less than the iteration 

convergence tolerance value. The energy consumption and capital cost fed back from AIM/Transport to 

AIM/CGE can be computed as equations (19) and (20): 

𝑆𝑆𝑄𝑄𝑆𝑆𝑆𝑆𝑅𝑅𝑆𝑆𝑟𝑟,𝑦𝑦,𝑓𝑓 = ∑ 𝑆𝑆𝑄𝑄𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑,𝑓𝑓𝑔𝑔∈𝐷𝐷,𝑚𝑚∈𝑀𝑀,𝑠𝑠∈𝑃𝑃,𝑑𝑑∈𝑇𝑇                                         (19) 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑 = 𝑄𝑄𝑆𝑆𝑆𝑆𝑆𝑆𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑 × 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑟𝑟,𝑦𝑦,𝑔𝑔,𝑚𝑚,𝑠𝑠,𝑑𝑑                                    (20) 

2.3 Analytical method for model integration 
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To judge whether and how the model integration can achieve the convergence, discrepancies between the 

simulation results of AIM/CGE and AIM/Transport were calculated. The Mean Absolute Percentage 

Error (MAPE) was used as the discrepancy indicator to detect the discrepancies, and these were calculated 

by the following equation [50]: 

𝑆𝑆𝑀𝑀𝑃𝑃𝑆𝑆𝑟𝑟,𝑓𝑓 = ∑ 1
𝑛𝑛𝑦𝑦∈𝑌𝑌 �𝑃𝑃𝐸𝐸𝑃𝑃𝑇𝑇𝐸𝐸𝑃𝑃𝑟𝑟,𝑦𝑦,𝑓𝑓−𝑃𝑃𝐸𝐸𝑃𝑃𝑃𝑃𝐸𝐸𝑃𝑃𝑟𝑟,𝑦𝑦,𝑓𝑓

𝑃𝑃𝐸𝐸𝑃𝑃𝑃𝑃𝐸𝐸𝑃𝑃𝑟𝑟,𝑦𝑦,𝑓𝑓
�                                              (21) 

where MAPEr,f is the Mean Absolute Percentage Error of fuel f in region r and n represents the number of 

years. We set the regional mean MAPE as the convergence criterion, with a value set to 1%. When the 

regional mean MAPE for each fuel type is less than 1%, the iteration stops. 

Additionally, the bias in the discrepancies between AIM/CGE and AIM/Transport should be investigated 

to identify the regions and years in which there were large discrepancies for each type of fuel. The 

following regression method was used to systematically detect the bias in the discrepancies [50]: 

�𝐿𝐿𝑄𝑄 𝑃𝑃𝐸𝐸𝑃𝑃𝑇𝑇𝐸𝐸𝑃𝑃𝑟𝑟,𝑦𝑦,𝑓𝑓

𝑃𝑃𝐸𝐸𝑃𝑃𝑃𝑃𝐸𝐸𝑃𝑃𝑟𝑟,𝑦𝑦,𝑓𝑓
� = 𝐿𝐿𝑄𝑄𝑎𝑎𝑓𝑓,𝑟𝑟 + 𝐿𝐿𝑄𝑄𝑏𝑏𝑓𝑓,𝑦𝑦 + 𝐿𝐿𝑄𝑄𝑝𝑝𝑓𝑓 + 𝜀𝜀𝑟𝑟,𝑦𝑦,𝑓𝑓                                       (22) 

where af,r, bf,y, and cf are regressed parameters and εr,y,f is the residual. af,r and bf,y indicate the bias of the 

discrepancy in regions and years, respectively. 

2.4 Data 

Data for the parameter estimation, calibration, and simulation of AIM/Transport were collected for 17 

regions (Table 1). Socioeconomic data, such as GDP and population, were obtained from the shared 

socioeconomic database [51]. Shared Socioeconomic Pathways 2 (SSP2) estimates were used as default 

values for the GDP and population in the transport model, and were characterized as ‘middle of the road’ 

among a range of scenarios. The travel demand for distances, modes, vehicle sizes, technologies, energy 

consumption, and energy intensity were simultaneously reconciled to ensure that the reconciled and 

observed data were as similar to each other as possible. The vehicle device cost, technology-wise energy 

intensity, and annual distance travelled were derived from AIM/Enduse [18, 19]. The load factor and 

door-to-door speed for the travel time calculation were taken from GCAM [49]. Parameters A, α, and β 

for the total travel demand and all levels including distances, modes, sizes, and technologies were 

calibrated based on the base year data in 2005. The target periods of both AIM/CGE and AIM/Transport 

in this study were 2005-2100, with one-year intervals. 

Table 1. Data sources for Asia-pacific Integrated Model/Transport (AIM/Transport) 
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Data Description Source Reference 

GDP Region specific SSP database [51] 

Population Region specific SSP database [51] 

Vehicle device cost Mode and technology specific AIM/Enduse model [18, 19] 

Energy intensity Mode and technology specific AIM/Enduse model [18, 19] 

Annual distance travelled Region and mode specific AIM/Enduse model [18, 19] 

Load factor Region and mode specific GCAM model [49] 

Door-to-door speed Mode specific GCAM model [49] 

2.5 Scenario setting 

One of the main objectives of this study was to develop a methodological framework for an integrated 

CGE and transport model. Thus, to test the feasibility of coupling a CGE-Transport model, a BaU 

scenario was prepared to identify whether the model integration could achieve a convergence. In the BaU 

scenario, the GDP and population were aligned with the SSP2 scenario. It was assumed that car 

ownership and usage will increase over the coming decades in line with the increases in GDP in 

developing regions, implying that the average vehicle occupancy decreases accordingly. The coefficient 

of the logit model for mode level αmode represents the travelers’ preference toward a specific travel mode 

and this coefficient for developing countries will converge to the values of developed countries in future 

years. Assuming that the United States and Japan are typical examples of a car-oriented and public-transit 

oriented society, respectively, the average mode preference coefficients of the United States and Japan in 

2005 were taken as the target values in 2100 for developing regions. A mitigation scenario was 

considered that corresponded to a two-degree climate stabilization target to test the robustness of model 

integration and to determine whether the mitigation cost can be changed by the model integration (named 

carbon tax scenario). The carbon price was set at a level designed to achieve a 450 ppm CO2 equivalent 

concentration (2.7W/m2) by 2100, and this carbon price pathway was calculated by AIM/CGE.  

3 Results 

3.1 Model iteration and convergence 

AIM/CGE and AIM/Transport yielded different results for transport-related energy consumption without 

model integration. Figure 3(a) shows the differences in transport-related energy consumption between the 

two models. The consumption of coal and oil calculated by AIM/Transport was lower than that consumed 

by the transport sector in AIM/CGE, while the quantities of electricity and gas consumed in 
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AIM/Transport were higher than in AIM/CGE. To integrate the merits of both AIM/CGE and 

AIM/Transport, the numerical computation was coupled using the iterative algorithm shown in Figure 2. 

Table 2 and Figure 4 show the discrepancies for each iteration to compare the fuel-wise and region-wise 

energy consumption between AIM/CGE and AIM/Transport using MAPE. The MAPE of all five fuels 

decreased with more iterations and was less than 1% after thirteen iterations, implying the model 

integration achieved a convergence (Table 2). The convergence was also proved by the declining trends 

of region-wise MAPE displayed in Figure 4. It was notable that biomass had a relatively high discrepancy 

and slow convergence rate compared with other fuels. The reason for this might be that the energy 

intensity coefficients for biomass in AIM/Transport are estimated by the energy intensity coefficients for 

oil and the ratios between oil and biomass and, therefore, the indirect parameter that passes through the 

iterations generates a relatively slower convergence speed. After the convergence of coupling was 

achieved, the energy consumed by the transport sector in AIM/CGE approximates to the estimates of 

AIM/Transport. As displayed in Figure 3(b), the trajectories for five fuels projected by AIM/CGE were 

almost overlapped by those estimated by AIM/Transport after thirteen iterations. 
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Figure 3. Transport-related energy consumption in Asia-pacific Integrated Model /Computable 

General Equilibrium (AIM/CGE) and AIM/Transport before (a) and after (b) coupling 

Table 2. Regional mean fuel-wise Mean Absolute Percentage Error (MAPE) (%) of the business as 

usual (BaU) scenario 
Iteration Coal Oil Electricity Gas Biomass 

1 12.79  2.35  3.69  2.55  15.12  

2 0.80  0.62  3.12  3.01  15.05  

3 0.62  0.66  3.14  3.63  4.99  

4 0.50  0.39  2.06  2.33  6.84  

5 0.30  0.46  2.13  2.61  3.18  

6 0.26  0.24  1.27  1.51  4.34  

7 0.12  0.32  1.44  1.85  2.08  

8 0.10  0.14  0.75  0.94  3.07  

9 0.05  0.22  0.97  1.34  1.43  

10 0.03  0.07  0.45  0.61  2.45  

11 0.02  0.15  0.65  0.96  1.11  

12 0.01  0.05  0.29  0.42  1.87  

13 0.01  0.09  0.40  0.63  0.91  
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Figure 4.  Region-wise Mean Absolute Percentage Error (MAPE) (%) of the business as usual 

(BaU) scenario 

The MAPE demonstrated that the iterative model integration could converge to a stable state where the 

transport sector in AIM/CGE consumes the same amount of energy as AIM/Transport. We further 

analyzed the bias in the discrepancies between AIM/CGE and AIM/Transport by regions and years to 

identify which regions and years for each fuel had a large discrepancy. As shown in Table 3 and Figure 5, 

the estimated parameters a and b represent the regional and time discrepancy bias. Table 3 shows that oil 

and coal had relatively flat values, but electricity, gas, and biomass had high values in India. This was due 

to the large discrepancies between AIM/CGE and AIM/Transport in India. The discrepancies of 

electricity and gas in India before the model integration were much higher than in other regions. Due to 

the large original differences before the iterative model coupling, the MAPE in Figure 4 still shows a high 

value in India after thirteen iterations. Although Canada, EU25, Japan, and the rest of Europe also had 
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high discrepancies in the initial iterations, the convergence in those regions performed much better than 

did that of India, because the discrepancies shown in Figure 4 are MAPE considering all years from 2005 

to 2100. The calibration and parameter adjustments between AIM/Transport and AIM/CGE were based 

on mainly the energy consumption in the base year 2005. India had the greatest discrepancy between 

AIM/Transport and AIM/CGE before coupling in 2005; therefore, the convergence speeds in India were 

slower than those were in other regions. Figure 5 shows that the discrepancies of electricity, gas, and 

biomass tended to increase with an increase in the number of years. This is consistent with the MAPE in 

Table 2, which shows higher values for electricity, gas, and biomass than other fuels. The reason for this 

was also the greater original discrepancies of these fuels before model integration. 

The BaU scenario simulation demonstrated that the model integration of AIM/CGE and AIM/Transport 

could achieve convergence. It was necessary to further conduct a mitigation scenario simulation to 

identify whether the model integration was robust for other scenarios. Simulation results showed that the 

discrepancies of the mitigation scenario, where a carbon tax was imposed, could also decrease to less than 

1% after five iterations. A convergence of model integration between AIM/CGE and AIM/Transport was 

also reached, indicating the robustness of the model for other scenarios. 

Table 3. Estimated parameter a in the regression results 

Region Coal Oil Electricity Gas Biomass 

Rest of Africa 1.0003  0.9993  0.9950  1.0000  0.9925  

North Africa 1.0000  0.9992  0.9950  0.9907  0.9919  

Oceania 1.0000  0.9993  0.9953  0.9908  0.9925  

Canada 0.9998  0.9993  0.9950  1.0000  0.9924  

China 0.9999  0.9992  0.9949  0.9908  0.9921  

Rest of Europe 1.0000  0.9993  0.9955  0.9916  0.9929  

Turkey 0.9998  0.9996  0.9952  1.0000  0.9923  

Former Soviet 

Union 
1.0000  0.9992  0.9951  0.9908  0.9921  

India 1.0005  1.0115  1.0634  1.0894  1.0953  

Japan 1.0000  0.9994  0.9951  0.9909  0.9934  

Brazil 0.9998  0.9991  0.9950  0.9908  0.9921  

Rest of South 

America 
0.9998  0.9990  0.9949  0.9908  0.9919  

Middle East 1.0000  0.9991  0.9950  0.9910  0.9922  

Southeast Asia 1.0000  0.9996  0.9951  0.9909  0.9924  

Rest of Asia 1.0000  0.9994  1.0000  0.9908  0.9923  
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United States 1.0000  0.9994  0.9950  1.0000  0.9924  

EU25 1.0004  0.9995  0.9953  0.9910  0.9928  

 

 

 

Figure 5. Estimated parameter b 

3.2 Updated transport representation with AIM/Transport  

The feedback from AIM/Transport improves the transport representation in AIM/CGE. The global 

passenger travel demand and transport-related energy consumption in the CGE model were modified with 

the updated parameters estimated based on the feedback from AIM/Transport. Figure 6 shows that the 

travel demands for car, railway, and domestic aviation increased with model integration, while 

international aviation decreased after 2050. The travel demand for buses simulated with model integration 

was higher than the original value in AIM/CGE, but was lower after 2075. Because the transport-related 

energy uses in AIM/CGE after the iterative computation (shown in Figure 3(b)) were approximately the 

same as the values calculated in AIM/Transport, it was proven that the energy projections can also be 

updated by the feedback from AIM/Transport. 

AIM/CGE and AIM/Transport have different internal model structures and driving mechanisms for 

simulating transport-related energy consumption in the future. In AIM/CGE, the energy consumption is 

formulated under the Linear Expenditure System (LES) function and the travel volume is simply 

formulated as a part of the industrial activity based on the elasticity of substitution and relative prices. 

Because the transport sector is represented at a highly aggregated level, with little technological detail, 
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and includes factors such as travel time and mode preference, the structural shift in distances, modes, 

vehicle sizes, and technologies is not endogenously determined in the current transport representation. 

AIM/CGE fails to capture the changes in technological structure and mode preference, thereby resulting 

in an overestimation of conventional fossil fuels, such as oil. AIM/Transport is able to help mitigate the 

dependency of traditional energy sources in the transport sector estimated by AIM/CGE. 

 

Figure 6. Travel demand in Asia-pacific Integrated Model /Computable General Equilibrium 

(AIM/CGE) with and without coupling with AIM/Transport  

(Note: Car includes two wheelers in AIM/CGE) 

3.3 BaU scenario  

Figure 7(a) presents the global travel demand in the BaU scenario for 17 regions from 2005 to 2100. It is 

evident that the United States, European Union, India, China, Southeast Asia, and the rest of Africa 

account for large proportions of passenger travel demand in the world. Additionally, Figure 7(b) shows a 

negative correlation between GDP per capita in 2005 and annual growth rates from 2005 to 2100 in 17 

regions. The annual growth rates of travel demand from 2005 to 2100 in developed countries and regions 
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such as the United States, European Union, and Japan displayed stable tendencies, whereas developing 

regions such as India, Rest of Asia, and Rest of Africa constantly increased over the coming decades. The 

exception among the developing regions was China, where the passenger travel demand increased until 

the mid-21st century, but then gradually decreased. The reason for this might be that the population of 

China will witness a decline after the mid-21st century.  

 



19 

 

Figure 7. Global travel demand (a) and growth (b) in 17 regions 

Figure 8 illustrates the modal split in 17 regions for car, bus, two wheelers, domestic aviation, 

international aviation, and railway transport. Changes in the share of passenger transport mode were 

characterized as a shift from mass transit modes (e.g., bus and railway) toward personalized modes (e.g., 

cars) on a global scale. As shown in Figure 8 (World), the share of car travel increased from 57.16% in 

2005 to 64.67% in 2100, while the global share of bus travel decreased from 16.76% to 5.61%. Similar to 

the different changing trends in travel demand in developing and developed regions, the modal split also 

displayed heterogeneity. The modal structures in developed regions such as the United States, Japan, the 

European Union, Canada, the Former Soviet Union, and Oceania were relatively stable, because car 

ownership in developed regions reached high levels in the 21st century. However, a significant structural 

shift from buses to cars occurred in developing regions like China, India, Brazil, Rest of Africa, Southeast 

Asia, and Rest of Asia. This was probably because the travel time cost increase with the rise in income 

would facilitate a preference for personalized travel modes among travelers. India had the largest rise in 

vehicle trips from 9.52% in 2005 to 60.36% in 2100. This intense modal shift in India was attributed to 

the increased per capita income. 

Figure 9 also shows heterogeneity across developed and developing regions based on the correlations 

between GDP per capita and modal share. Modal shares in developed regions, which had a higher GDP 

per capita, were relatively unchanged, except for slight increases in the share of international aviation. In 

contrast, modal shares changed dramatically in developing regions where the GDP per capita was low. 

The modal shares of cars and domestic aviation increased with the rise in GDP per capita, while bus 

travel showed a sharp decrease in modal share. International aviation, railway, and two wheelers 

displayed both ascending and descending trends with the increased GDP per capita in developing 

countries. The changing trends in transport modes other than cars and buses differed from one another. 

This might be attributable to the different socioeconomic backgrounds and pathways across the 17 regions, 

such as with regard to population, GDP, and travel costs (fuel price, device price). It was apparent that 

economic development exerted various influences on the modal shift in different regions. Because car and 

bus travel accounted for a large proportion of the modal share, the major impacts of economic 

development on changes in the modal structure in developing regions can be summarized as increased 

person trips by car and a decline in bus usage.  
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Figure 8. Modal share of different transport options 

 

Figure 9. Relationship between GDP per capita and modal share of transport options 
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Figure 10 displays the fuel-wise energy consumption generated by global passenger transport. Oil 

consumed by the transport sector was 44 EJ in 2005 and was projected to be 83 EJ in 2100, accounting 

for 98.54% and 77.04% of all fuel use, respectively. In contrast to the decreasing proportion of oil, the 

share of electricity and biomass increased to 8.70% and 11.89% in 2100 from 0.55% and zero in 2005, 

respectively. Although oil has been replaced by electricity and biomass to some extent, it still plays a 

dominant role in transport energy consumption. The global GHG emissions produced in the BaU scenario 

increased steadily from 4 Gt CO2/year in 2005 to 9 Gt CO2/year in 2100. The contribution of travel 

modes on GHG emissions proved that cars were the major emission source, followed by aviation.  

 

 

Figure 10. Projected energy use (a) and GHG emissions (b) 

3.4 Mitigation scenario 



22 

 

For the mitigation scenario, a numerical simulation with the carbon tax policy was able to test how 

AIM/Transport updates the mitigation cost, because the interplay between the transport sector and the 

macro-economy can be considered by coupling CGE-Transport modelling. Figure 11 shows the impacts 

on travel demand, energy consumption, and emission reduction in the carbon tax scenario where a carbon 

tax is imposed. Travelers tended to cut down on trips with the higher transport cost caused by the carbon 

tax and, therefore, the global passenger travel demand decreased by 4.38% in 2010 (Figure 11a). Figure 

11b shows that the carbon tax policy reduced oil consumption, while electricity and biomass fuel 

consumption increased compared with the BaU scenario. This indicates that a carbon tax policy would 

motivate travelers to choose electrified transport and transport powered by biofuel for personal trips 

instead of travel modes that relied on oil. Because GHG emissions in the carbon tax scenario were 

reduced to 4 Gt CO2/year compared with 9 Gt CO2/year in the BaU scenario (Figure 11c), it was found 

that the goal of GHG emission reduction could be achieved by implementing a carbon tax policy, due to 

the shift from the use of fossil fuels to electricity and biofuel in the transport sector. Moreover, the 

emission reduction rate achieved by a carbon tax policy displayed an increasing tendency from around 

zero to 55.37%, with the increase in carbon price from 0 to 798 USD/tCO2 in 2100 (Figure 11d), 

implying that the potential reduction was positively correlated with the carbon price. 
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Figure 11. Impacts of carbon tax on: (a) travel demand, (b) energy consumption, (c) GHG 

emissions, (d) GHG emission reduction rate 

The long-term economic costs and benefits of mitigating climate change over the long term can be 

estimated using a coupled CGE-Transport model. The carbon tax in 2100 for achieving the target of a 

two-degree global temperature rise increased from 748 to 798 USD with coupling the transport model. 

The economic losses are accordant with the changes in carbon price. Without the integration of AIM/CGE 

and AIM/Transport, the world would experience economic losses equivalent to 1.95% of annual GDP by 

2100. However, if the detailed transport representations provided by AIM/Transport are incorporated, the 

economic losses would increase to 2.34% of GDP by 2100. Figure 12 also shows that the global welfare 

losses increased from 2.61% to 3.02% of the Hicksian equivalent variation (HEV) by 2100 with model 

integration. The simulation results illustrate that regardless of travel mode and technological details 

AIM/CGE tends to underestimate the contribution of the transport sector to the overall mitigation cost. As 

shown here, the transport sector makes an important contribution to global GHG emissions and the 

de-carbonization of the transport sector deserves more attention. 

 

Figure 12. Mitigation cost metrics in the mitigation scenario (carbon price, GDP loss, and welfare 

losses) with and without coupling Asia-pacific Integrated Model (AIM)/Transport 

4 Discussion 

AIM/Transport coupled with AIM/CGE enabled the global CGE model to consider behavioral and 

technological issues associated with transport use, and the iterative model integration could handle the 

dynamic interaction between the transport sector, energy consumption, GHG emissions, and the 
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macro-economy. We can answer, therefore, the question of whether the three objectives addressed earlier 

can be achieved. First, the numerical computation proved the model feasibility and offers a methodology 

of how to conduct a model integration between AIM/CGE and AIM/Transport. Second, travel demand, 

modal share, and the energy consumption of the transport sector in AIM/CGE can be updated by the 

feedback from AIM/Transport, which provides a detailed transport representation for global CGE models. 

In doing so, mode preference, load factor, vehicle speed, and technological advancement can be 

incorporated into the CGE model to structure transport scenarios for policy assessment. Third, the 

coupled model can give balanced consideration to both the technological details of transport and its 

economic impact. This is a critical point. Existing CGE models incorporated with transport mode decision 

models are not able to detect how transport behavior and policies would influence the macro-economic 

system because the feedback from the transport model to the CGE does not occur. This was overcome by 

our iterative coupling model simulation. To summarize, the coupling of a CGE-Transport model is 

beneficial for transport planners to analyze how mitigation options would affect travel demand, modal 

split, transport-related energy consumption, and macro-economic indicators, such as GDP, employment, 

and social welfare. It is considered that transport policies such as speed control, traffic signal coordination, 

Intelligent Transport System (ITS), public transport improvement, railway construction, and road network 

planning, will exert a positive influence on traffic volume, modal shift, and GHG emissions [52-55], but 

the impacts on other industrial sectors have not been clarified because transport models are rarely 

appropriately integrated into global CGE models. Our iterative coupling model is a practical tool for 

investigating how to keep the balance between transport-related GHG emission reduction and economic 

development.  

Compared with the reduction in GHG emissions, the simulation results show that the mitigating effect on 

passenger travel demand was relatively small in the mitigation scenario, but the carbon tax had a big 

influence on the technological selection for personal trips, leading to a reduction in transport-related 

energy consumption and GHG emissions. This was because the carbon tax accounted for a larger 

proportion of the technology price than the prices of distance, mode, and vehicle size. Technological 

shifts rather than travel demand were more sensitive to price. It was revealed that the carbon tax was an 

effective policy tool for the development of low-carbon transport because the technology mix is sensitive 

to the carbon tax and travelers are motivated to choose low-carbon technologies and fuels such as 

electricity, gas, and biomass for personal trips. Because global travel demand will not be significantly 

depressed by the carbon tax, the superabundant worldwide traffic volumes will generate excessive 

congestion, which leads to loss of working time, redundant emissions, and a decline in social welfare. It is 

therefore necessary to devise alternative policies that could prevent inordinate growth in global travel 

http://www.youdao.com/w/redundant/#keyfrom=E2Ctranslation
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demand, although the effectiveness of the carbon tax policy for fossil fuel emission reduction has been 

confirmed. Another key finding was that the mitigation cost could be modified with detailed information 

regarding the transport sector. The underestimation of GDP and welfare loss by AIM/CGE without 

detailed transport information indicates that appropriate model representation is needed in the transport 

sector. In the meantime, such treatment enables a broader sense of policy analysis, which might decrease 

macroeconomic loss (e.g., transport specific policies). Not only does the transport sector have 

considerable potential for emission reduction, but a low-carbon transport policy could also help to limit 

the economic losses caused by climate change mitigation. 

There are still many limitations of the model that need to be addressed in the future. In AIM/CGE, 

international aviation is included in the international trade, although the model integration of AIM/CGE 

and AIM/Transport only focuses on the travel modes of car, bus, two wheelers, domestic aviation, and 

railways, but excludes international aviation. Therefore, the convergence is reached when AIM/CGE and 

AIM/Transport consume some quantity of energy for car, bus, two wheelers, domestic aviation, and 

railway, regardless of whether the energy consumed by international aviation is the same. In this study, 

we did not consider non-motorized travel modes like walking and cycling due to data limitations. Because 

the non-motorized modes are carbon neutral, further research is required to determine which policies 

could facilitate the use of non-motorized modes and estimate the mitigation potential of a modal shift 

from motorized traffic to non-motorized modes. In addition, heterogeneity among travelers is not taken 

into consideration explicitly in the AIM/Transport model, which is important for realistically estimating 

the mode choice probability. Another limitation is that AIM/Transport considers only passenger transport, 

which is closely related to traveler behavior and transport policies, but freight transport is also responsible 

for GHG emissions. Global transport-related GHG emissions have been projected by several IAMs [20, 

39, 41, 56, 57]. As shown in Figure 13, all of these models project total direct GHG emissions for the 

baseline scenario to be around 6 Gt CO2 in 2050, and even the GHG emissions projected by TIMER and 

IEA peak at more than 8 and 10 Gt CO2/year, respectively [40]. As a result of economic growth and 

technological improvement, we assumed that all travel modes in our model will manifest significant fuel 

efficiency improvements from 2005 to 2050. AIM/Transport estimates relatively higher shares of biomass 

and electricity than other models. Due to the differences in energy intensity and fuel structure, 

AIM/Transport projects a lower GHG emission trajectory. 
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Figure 13. Global passenger transport-related GHG emission trajectories projected by different 

models 

5 Conclusions 

This paper proposes the coupling of a new passenger transport model, AIM/Transport, and AIM/CGE. 

There were three main conclusions. First, the methodology for coupling the CGE-Transport model was 

demonstrated to incorporate the travel mode and transport technological details in AIM/CGE, to enrich 

the transport representation. The numerical computation illustrated that the coupled model can achieve a 

convergence, indicating that integration of the transport model and global CGE was possible. Second, the 

simulation results show that travel demand, energy consumption, and GHG emissions differ among 

regions and transport modes. Cars and oil still play dominant roles in energy consumption and GHG 

emissions. A carbon tax would have a significant influence on the technology and fuel choice, which 

helps reduce GHG emissions and mitigate global warming. Third, an analysis of the interplay between the 

transport sector and macro-economy becomes feasible by using the coupling model. Changes in 

mitigation costs with the feedback from AIM/Transport revealed that the importance of the transport 

sector was underestimated by AIM/CGE. The de-carbonization of the transport sector deserves further 

investigation because the simulation results of the coupling model showed a significant contribution by 

the transport sector to global climate change mitigation. 

Although the discussion above clearly demonstrates that AIM/Transport still has limitations, this model 

can be linked with a global CGE model; thus, it is possible to chart, briefly, a roadmap for such 

applications. An interesting theme is how the transport patterns and policies affect the mitigation potential 

and cost. In this study, only a carbon tax scenario was simulated, but such a coupling model would also 
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allow the impacts of transport policies such as mass transit systems and high speed railways to be 

determined, because the dynamic interaction between the transport sector and macro-economy becomes 

possible using the coupling CGE-Transport model. Furthermore, endogenous congestion and transport 

infrastructure was suppressed in the study. The model could easily be extended to introduce a congestion 

travel time function and thus make the congestion explicit and endogenous. Such an extended model 

would provide an understanding of the dynamic effects and interaction of traffic congestion, travel time, 

loss of working time, energy consumption, employment, and economic development. 
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